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Abstract: With the increasing complexity of crowdsourcing scenarios, the assignment of complex tasks
brings new challenges to the further application of crowdsourcing. Previous research work only focused
on how to find a worker team that meets the task requirements, without comprehensively considering
factors such as task and worker skill characteristics, time, task budget, and worker compensation. Thus,
the success rate of task assignment is low. When assigning large-scale complex tasks, relatively complex
tasks will not be able to find workers who meet the requirements, resulting in allocation failures. Thus,
this paper studies a complex task-oriented collective assignment model to solve the problem that a large
number of complex tasks cannot be assigned in crowdsourcing platforms while many workers have no
tasks to do. In the model, the complex task assignment problem is mapped as a weighted bipartite graph
matching problem, then the KM algorithm is used to solve the optimal assignment scheme. Finally, this
paper conducts comparative experiments on real datasets, and the results show that the proposed model
has better performance in terms of task success rate and task payment total cost.
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1. Introduction

Crowdsourcing is a new type of task assignment model, which uses the wisdom of the masses to
distribute and collaborate to complete tasks [1]. In traditional crowdsourcing platforms such as Amazon
Mechanical Turk, workers can independently complete assigned simple tasks in a short period of time,
such as image annotation [2], text labeling [3], etc. With the increasing complexity of crowdsourcing
application scenarios, tasks are also becoming more and more complex. For example, in software projects
released on the Upwork platform, tasks require more and more professional skills of workers, and usually
no single worker can complete them alone [4]. Therefore, complex tasks pose great challenges to the
further application of crowdsourcing.

Much of the existing research work on complex task allocation mainly focuses on methods based on
task decomposition [5,6]. It requires the task requester to decompose the task into a collection of subtasks,
however many task requesters may not necessarily have such ability. Consequently, some researchers
have explored ways to directly assign complex tasks to teams of workers who meet the task's skill
requirements. For example, in the literature [7], Wang et al. designed a team formation mechanism based
on distributed negotiation, and the workers hired by the task requester can decide to join the team they
prefer. However, most of such research work has the following disadvantages: 1) From the perspective
of tasks, some relatively simple and complex tasks may preferentially use workers with high skill
coverage, resulting in the remaining workers on the platform being relatively unskilled workers, so
relatively complex tasks will not be able to find satisfying workers, resulting in allocation failures. 2)
From the perspective of workers, most of the current research work starts from the perspective of
controlling the quality of tasks completed by workers, ignoring the suitability of workers and tasks, that
is, not assigning tasks to the most suitable workers to complete.

In general, most of the current researches do not consider the needs of tasks and the skill
characteristics of workers globally, resulting in a low success rate of task assignment. In reality, we found
that there are many unassigned complex tasks and workers who have no tasks to do in the crowdsourcing
platform. One of the reasons is that the crowdsourcing platform will assign tasks one by one according
to the order of the release time of the tasks, which leads to the failure of subsequent tasks [8]. Workers
that meet the requirements are found, but these remaining workers can cooperate with the assigned
workers to complete more tasks. Since more and more specialized workers are required for complex tasks,
it is especially necessary to use workers rationally when a large number of tasks are assigned at the same
time. Existing work shows that multi-skill-oriented complex task assignment problems are NP-hard
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problems [9]. Therefore, how to allocate a large number of complex tasks is a great challenge.

Therefore, this paper proposes a new crowdsourcing collective task assignment model. Our allocation
mechanism is not to allocate tasks one by one, but to try to allocate all tasks to workers globally, that is,
to consider the needs of unassigned tasks in the crowdsourcing platform and the skill characteristics of
workers within a period of time, and allocate tasks to the most suitable group of workers. The advantage
of this allocation model is that it allocates as many tasks as possible, so it is more suitable for large-scale
concurrent crowdsourcing tasks. In order to improve the successful assignment rate of tasks, this paper
considers the needs of tasks globally and organizes workers reasonably for collective task assignment,
and abstracts the collective assignment problem into a weighted bipartite graph matching model by
treating tasks and workers as different edge sets, and then this paper proposes to maximize the
comprehensive benefits of the crowdsourcing worker group as the optimization goal, so that the
collective allocation problem can be transformed into a global optimization problem. In order to solve
this problem, this paper proposes the globally optimal allocation scheme based on the Kuhn-Munkres
(KM) algorithm. Finally, this paper conducts comparative experiments on real datasets, and the results
show that the proposed model has better performance in terms of task success rate and worker reward.

2. Problem model

This paper conducts collective task allocation by considering the time cost of tasks, the opportunity
cost of workers, the utility of task allocation and other factors in an overall manner, with the aim of
successfully assigning as many complex tasks as possible. The descriptions and definitions of the
elements included in the above questions are given below.

Crowdsourcing tasks are expressed as T = {t, ..., t;,}, each task t; has four attributes, expressed
as t; =< S, by, ay, e, >, where S, = {sy, ..., s } represents the k different skill sets required by the
task t;; by, represents the budget for a,, completing the task; ¢; represents the time when the task ¢;
is released; e, represents the deadline for the task. Crowd workers are denoted as W = {wy, ..., Wy},
and workers w; are usually defined in the form of a quadruple w; =< SW],, Twj» Pw dwj > as follows.
Among them: Swj = {s1, .., ;} it represents the skill set possessed by the worker; Tw; Tepresents the
return expected by the worker to complete the task; the time when the worker w; completed the last task
is Pw;» and the current time of the worker is dwj.

Definition 1 (Waiting cost of task) The task waiting time means the time from when [;, the

crowdsourcing task t; is released on the platform to when the task is assigned to the worker, we call it
the task waiting time. The AT;, denotes time cost, the longer the task wait time, the higher the

assignment priority. Knowing that the cost per unit time is la,,, the final ATy calculation is:

AT, = (I, — a,,) " lay, (1)

Definition 2 (Opportunity cost of worker) The time from the time when the worker w; completes
the last task to the time when the worker is currently waiting for the assignment is called the waiting time
of the worker. To simplify the calculation, this paper defines w;the cost pet,,; per unit time of the
worker as. Therefore, this article uses the term coy,; to express the cost of the waiting time of workers,
which is called the opportunity cost of workers.

cow; = (dw; = Pw;) " PeTw; (2)

In this way, the higher the worker's opportunity cost, the higher the priority of his assignment. Usually,
complex tasks require the cooperation of multiple workers. This paper assigns tasks in the form of worker
groups, expressed as group;, = {Wj| <tpwp >, ., < t,w; >}, where it represents mp =< t;, w; >
the combination of crowdsourcing tasks t; and task workers. The basic conditions for successful task
assignment need to be satisfied by the worker (Uy vwjegroupy, SW].) 28, group and
ZVWngroupci Tw; < b, the workers need to be online at the same time, and the set of all worker groups
is denoted as Group = {groupy,, ..., groupy,}.

Definition 3 (Assignment Utility) The utility value of each task assigned to the worker group is
different, so the utility of each worker in the worker group to complete the task is also different. In this
paper, the distribution utility is used c;; to represent the utility generated by assigning crowdsourcing
tasks ¢; to crowdsourcing workers wj, that is, the utility of matching pairs mp =< t;, w; >, which is
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defined as the product of the task budget and by; the skill coverage of workers, as:

. |se;nsw|

T fise s 3)

This ¢;; is determined by the task's budget and worker's skill coverage. When workers have the same
skill coverage, the larger the budget of the task, the greater the allocation utility, and the higher the priority
of the worker assigned to this task.

Cij =

Definition 4 (Comprehensive benefit of crowdsourcing worker group): The task allocation
method of the worker group involves four indicators: allocation utility, task’s waiting cost for allocation,
worker’s opportunity cost, and worker expected reward. In order to reasonably organize workers to
complete more tasks, we define the comprehensive benefits of worker groups. This can reflect the
matching degree of the worker group to the task, which is expressed as follows:

ay cij+BX cowj + yATtl.
CSgroups, = T, W) € group, )

The greater groupy, the expected return ), Twjs the smaller the overall benefit of the worker group,

and the smaller the priority assigned to it. When the worker group allocation utility 3 c;j, task waiting
time cost Y, COy; and worker opportunity cost AT, are greater, the priority of allocation is higher.

Collective allocation model: Therefore, the collective allocation problem can be transformed into a
global optimization problem. That is, given the crowdsourcing task set 7, the crowdsourcing worker set
W and the comprehensive benefit calculation function of the crowdsourcing worker group, from any
possible distribution scheme M, seek an allocation scheme that maximizes the comprehensive benefit of

the crowdsourcing worker group CSg;oyp - which we use M* to represent, formally expressed as:
M* = argmaxy Xvgroup,,em CSgroup, Q)
Subject to: dwj <ey (6)
Xy, € [0,1] @)
(Us vwjegroup,, Swj) 2 St; (8)
ZVWngroupti Tw; =< bti ©)

Final distribution plan M"is composed of worker groups, and group,, the worker group
corresponding groupy, to each task needs to meet four basic constraints: (6) Time constraints:
crowdsourcing tasks t; and the worker's current waiting time dwj must be assigned before the deadline
of the task, otherwise the assignment cannot be completed e, ; (7) Assignment constraints: a worker can
only be assigned to complete one task at the same time Xw; = 0or Xw; = 1 task; (8) Skill constraint:
groupy, the skill set in the worker group needs to cover the skill demand of the task; (9) Cost constraint:
groupy, the expected return of the worker in the worker group needs less than the task budget.

Theorem 1: It is NP-hard to select a worker group from the worker group W and meet the
above four constraints to achieve the maximum comprehensive benefit of the worker group.

Proof: The 0-1 knapsack problem is a classic NP-hard problem: Given a set, the benefit value and
weight of each element are known, and on the premise that the total weight does not exceed the budget,
select a subset from the set to achieve Maximum benefit. Therefore, this article is looking for a subset of
worker groups in the worker set, which can achieve the maximum comprehensive benefit of the worker
group under the cost constraint of (9), and satisfy the conditions of (6), (7), and (8). Thus, theorem 1 is
proved.

3. Method
3.1. Candidate task worker groups

In this section, we propose an algorithm for candidate task worker groups based on assignment utility.
Firstly, a task assignment period is defined as the task assignment period from the task minimum
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assignment time to the maximum task deadline in the 6 current crowdsourcing platform to obtain the
set of tasks and workers; then obtain the task-worker matching pairs with skill coverage for each task
and worker, and sort the assignment utility; Finally, use the greedy idea to obtain the matching pairs of
task workers for all tasks. The specific steps are shown in the table below:

Algorithm 1: Candidate worker Group algorithm based on allocation utility
(1) Input: All tasks and 8 workers Wy online during the allocation period Tjp.
(2) Groupg « @

(3) While Ty # @ and Wy # @ do:

4) For t; € Ty do:

) wt, @, Wg « Wy, group,, « @

6) For Wy # @ and w; € Wy do:

@) If 5§, NSy, # 0 and d,; <e;andr,, < by

() Wiy, < w;

Q) End

(10) tempyorr < O, temp_group « @

(11 while wt;, # @ do:

(12) For w; € Wy do:

(13) If S; N Sw; 2 St

(14) tempgroup U Wj, group,, U temp_group, Wy = Wy — wj, break
(15) Else

(16) temp_group Uw; , Wy = Wy — wy;

a7 End

(18) End

(19) Groupg U groupy,

(20) End

(21) Output: All Groupg

From the above algorithm, we can know that the complexity of the algorithm is reduced to O (|T ||

) . .
W [°) . The task can be completed by multiple worker groups, and a worker group can complete multiple

tasks, but a worker can only assign one task in an allocation cycle. Therefore, this paper proposes an
algorithm based on KM to maximize the comprehensive benefits of worker groups to complete the
optimal matching scheme.

Algorithm 2: The maximizing the comprehensive benefit of workers group based on KM method
1) Input: tasks T, and Group, workers composed of W,

2) For group, € Group, do:

ay cij+ BY cowj + yATti
3) ngroupti - Y 1w,
]

4) Build a bipartite graph G = (T, Group,, E, CS):
5)  Initialize the feasible label A[i] « CS B [i] « 0, satisfy A[i] + B[j] = CSgroup,.

groupy; >
6) Find an augmenting path to get a match M* < M,until no augmenting path is found
7) Judging constraints and recording used workers
8) Update feasible markup:d = min{A[i] + B[j] — CSgroup,. }
3

9) Repeat steps 5, 6, 7 until a complete match is found M*
10) Output: result M « M*

3.2. Based allocation method of maximizing comprehensive benefits of workers group

From the content of the previous section, we can get the set of task worker groups and build a bipartite
graph G = (T, Group, E,CS): T represents the task set within Group; 6 represents the worker group;
E represents the matching pair of task worker groups; CS represents the comprehensive benefits of the
worker group tasks, that is the weight of the edge. Then we calculate the comprehensive benefits of the

worker group CSgroup A order to make the bipartite graph have a complete matching, we add edges

to the tasks that the worker group cannot complete, and assign their weights to 0. Finally, we use the
standard KM algorithm to obtain the optimal matching scheme M, and its matching conditions need to
meet constraints such as time, allocation, skills, and cost. The specific algorithm flow is shown in the
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table below:

Its algorithm complexity is O (IT|'|W y|). In addition, there may be many situations in the matching

scheme that can obtain the maximum comprehensive benefit of the worker group through the above
method, and we will set different conditions in the experiment to choose.

4. Experiment and Analysis

The experiments in this article are implemented using Python language, and the environment is
python3.7, Intel (R) Core (TM) 17-7500U CPU@2.30GHz and 8G memory. In addition, the experimental
data is crawled from the www.freelancer.com website, and its task characteristics are complex tasks with
1-5 skills (such as java, python, etc.), which require multiple workers with 1-5 skills to work together.
Meet the needs of multi-skill complex tasks.

Table 1: The impact of changes in verification parameters on task assignment.

Assign utility parameters Task waiting for ‘Worker Opportunity Cost Number of successfully assigned
allocation time cost Parameters tasks
parameter
a B 14
0.0 1.0 48
0.5 0.5 37
0.0 0.8 0.2 34
1.0 0.0 40
0.0 0.6 813
0.4 0.2 0.4 1062
0.4 0.2 995
0.6 0.0 883
0.0 0.2 1628
08 0.1 0.1 1725
0.15 0.05 1562
0.2 0.0 1603
1.0 0.0 0.0 1769

2000 tasks and 5000 workers are randomly selected from the dataset within one allocation period
0 for the experiment. The parameters involved in the model in this paper come from formula (4), which
are distribution utility parameters «, task waiting time cost parameters f3, and worker opportunity cost
parameters respectively y. First, we verify the impact of parameter changes on collective task allocation,
and the results are shown in Table 1: when a= 0, no matter how ythe parameter sum f changes, the
number of task allocation successes is very low.

From the above analysis, we can see that the parameters of the collective allocation model are mainly
affected a. The experiment in this paper will select the distribution utility parameter, task waiting time
cost parameter, worker opportunity cost parameter which are, § = 0.1, y= 0.1 respectively a = 0.8,
and from the number of tasks, the size of the number of tasks, the complexity of the task, the budget of
the task, the worker's expected reward, Different sample data six aspects to test. The test results are
measured by three indicators: the number of successfully assigned tasks, the actual number of workers
assigned, and the cost of paying workers for tasks. In addition, the collective allocation method based on
KM in this experiment will be compared with sequential allocation and greedy allocation methods.

4.1. Increasing tasks quantity

In this experiment, we first test the influence of changes in the number of tasks and the results are
shown in Figure 1: in Figure 1 (a) our method can allocate more task, and Figure 1 (b), (c) requires fewer
workers and pays less than other methods. One of the reasons is that the method in this paper considers
the distribution of workers and task characteristics globally, and assigns tasks to relatively more suitable
workers to complete in the form of worker groups, rather than selecting the optimal worker to complete.
Therefore, through such a reasonable organization, more workers are released to complete other tasks,
and the task completion rate is improved while reducing the overall payment cost.
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Figure 1: Increasing the number of tasks, the number of successful task assignments, the required
workers, and the changes in the three indicators paid.
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Figure 2: Increasing the number of workers, the number of successful task assignments, the required
workers, and the changes in the three indicators paid.

4.2. Increasing worker quantity

Testing the influence of changes in the number of workers on collective allocation, From Figure 2 (a)
and (c), we have verified this conclusion. As the number of workers increases, the number of successful
tasks increases, and the payment costs decrease; and Figure 2 (b), we can see that the actual number of
workers required less than other methods. Therefore, our method not only rationally organizes workers
and successfully assigns more tasks, utilizes fewer workers but also reduces the total reward of workers.

4.3. Increasing task complexity

The experiments in this section test the effect of task complexity on collective assignment. The
complexity of the task is expressed by the number of skills required for the task, and the greater the
number of skills required, the more complex the task. The results are shown in Figure 3: Figure 3(a)
shows that under the same constraints, the number of collective assignment successes in our method is
higher than that obtained by other methods; Figure 3 (b), (c) show that our method actually requires fewer
workers and requires less cost to complete the task. As the budget increases, all methods show a trend of
increasing first and then stabilizing. The reason is that the budget of the task has exceeded the
compensation of some worker groups, and such worker groups can be assigned to the task.

4.4. Increasing task budget

It is observed from the dataset that the task budget is much higher than the worker's expected
compensation. Therefore, the experiment in this section uses the percentage of the original budget to test
the impact of increasing the budget on collective allocation, and the results are shown in Figure 4: With
the increase of the budget, the number of successfully assigned tasks, the number of workers required for
tasks, and the cost of workers required for tasks are all equal. It shows a trend of increasing first and then
leveling off; while Figure 4 (a), (b) and (c) show that under the same constraints, our method is superior
to other methods. The reason is that the budget of the task has exceeded the return of the worker group.
When the budget is increased, only a small number of worker groups that are below the budget can be
assigned to the task.
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Figure 3: Increasing the complexity of the task, the change of the three indicators of the number of
successful task assignments, required workers, and paid expenses.
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Figure 4: Increasing the budget of the task, the change of the three indicators of the number of
successful task assignments, required workers, and paid expenses.

5. Conclusions

There are many unassigned complex tasks and workers in the crowdsourcing system, as well as the
low success rate of a large number of complex tasks, so this paper proposes a new collective allocation
model to solve the shortcomings, the allocation model mainly has two Advantages: First, it allocates as
many tasks as possible, which is more suitable for the situation where there are many unassigned tasks
in the platform; second, it assigns tasks to more suitable workers through overall consideration of tasks
and workers, which promotes the application of crowdsourcing develop. Finally, this paper conducts
extensive experiments on real crowdsourcing datasets. Experimental results show that compared with
previous methods, our proposed model and collective assignment method based on KM algorithm can
always improve the success rate of task assignment and reduce the total cost of task payment.
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