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ABSTRACT Crowdsourcing system, which utilizes many workers to process computer-complexity tasks,
has become an effective platform in today’s online labor markets. In a crowdsourcing system, maximizing
the total utility is one key design goal. This goal is extremely hard because a computer-complexity task can be
a multi-dimensional large-scale task that contains thousands or millions of atomic tasks. In online situation,
we need to consider both the varying service of workers and future unknown task arrivals. As we know, none
of the previous work considers a multi-dimensional large-scale task assignment for utility maximization.
In this paper, an online framework is proposed to solve this optimization problem by running atomic tasks
in parallel on workers. To estimate worker service rates, we consider each varying worker as an arm for
a multi-armed bandit in crowdsourcing system. We design the online scheduling algorithm from a bandit
perspective by Online Convex Optimization (OCO) techniques. We prove that our designed algorithm can
yield a sublinear regret bound. Finally, we show that our designed algorithm is better than the baseline
algorithms by nearly 10% for the total utility achieved.

INDEX TERMS Multi-armed bandit, online optimization, multi-dimensional large-scale crowdsourcing

tasks, regret bound.

I. INTRODUCTION

Crowdsourcing system has become more and more popular
for workers to perform computer-complexity tasks. In Ama-
zon Mechanical Turk [1], translating Chinese papers into
English papers, collecting school addresses and labelling
contents of images are typical computer-complexity tasks.
This typical task is usually a large-scale task which contains
thousands or millions of atomic tasks. These atomic tasks are
viewed as decomposed tasks such as binary choice or sim-
ple voting [2]. Moreover, this typical task can also be a
multi-dimensional crowdsourcing task (data with multiple
attributes) which can be used to maximize the total utility
in this platform [3]. In a crowdsourcing system, tasks are
assigned to workers and workers get payment after com-
pleting tasks. Note that the task payment is considered as
task utility and we will use the term utility in the rest of
paper. We utilize a concave utility function to calculate task
utility with respect to the completed task [4]. The concave
utility function can be used to consider task dependencies.
In this paper, we utilize all A-tasks (atomic tasks) of a L-task
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(multi-dimensional large-scale crowdsourcing task) to maxi-
mize total utility, which are assigned to multiple workers and
run in parallel [5].

In this paper, maximizing total utility is one key design
goal, which is a hard optimization problem in an online
manner. The hardness of this optimization problem comes
from four aspects: (1) It is challenging to assign all L-tasks
to workers under worker’s capacity constraints and task’s
deadline constraints [6] (2) A task assignment decision is an
integer programming problem [7]. Without knowing future
task arrivals, it is difficult to achieve this goal by choosing a
proper worker to complete a task. (3) A worker has varying
skill by the time [8], [9]. Actually, the service of a worker
may change significantly during the processing of a L-task.
Thus, this situation leads to a large variation for the process
of A-tasks which are contained in the same L-task. (4) It is
not tractable to analyze designed algorithm’s performance,
because every online assignment will affect the remaining
online assignments [10].

To maximize the total utility, a practical task assignment
plan should meet the following four requirements: online
manner task assignments, multi-dimensional tasks, concave
utility functions, and the varying service of workers. As we
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know, no prior work satisfies the four requirements. In [12],
the scheme only satisfies the varying service of workers.
In [9], the scheme is in an online manner and satisfies
the varying service of workers. In [3], the scheme satisfies
online manner task assignments and multi-dimensional tasks.
In [13], the scheme satisfies online manner task assignments
and concave utility functions.

In our model, a scheduling plan for L-tasks is proposed
to maximize its total utility in a crowdsourcing system.
To achieve online task assignments, we propose an online
framework to solve this optimization problem. To satisfy
capacity constraints, we use the short-term constraint to han-
dle the online framework in slotted time. To handle the vary-
ing service of workers, we consider each varying worker as
an arm for a multi-armed bandit in the system. To solve this
MAB problem, we utilize the past service rates and positive
definite matrixes to make an estimation for worker service
rates. To design efficient scheduling algorithms, we update
dual variables by a new method, which helps us to choose
a proper worker for a A-task. To analyze the proposed algo-
rithm’s performance, we define a regret (Reg) and a fit (Fit)
by online convex optimization (OCO) techniques. Based on
the regret and the fit, our proposed algorithms can yield a
O(/Tlog T Tog T) regret for both the single L-task case and
the multi L-tasks case over T time slots.

The main contributions are shown as follows.

o We propose a new online MAB framework to address
multi-dimensional large-scale tasks for maximizing total
utility with the variability service of workers. In addi-
tion, this online framework can handle the short-term
constraint, which yields a small constraint violation.

o We design the online algorithm to choose an appropriate
worker for the total utility, which update the dual vari-
ables by a new Gradient Descent method. In addition,
our efficient online algorithm is more scalable than the
previous combinatorial MAB algorithms.

« We adopt a new method to analyze the online algorithm’s
performance which can guarantee a sublinear regret
bound. In addition, we show that our designed algorithm
is better than the baseline algorithms by nearly 10% for
the total utility.

Organization: In Section 2, we discuss related work. In Sec-
tion 3, we show system model. Section 4 presents online
task assignment for a single L-task case. Section 5 discusses
online scheduling for multiple L-tasks case. In Section 6,
experiment is presented. Section 7 concludes this paper.

Il. RELATED WORK

In crowdsourcing system, many works have studied about
online task assignments for the total utility. For example,
in [14], [15], [45], the utility of crowdsourcing systems is
formulated by the completed tasks. In [16], the task util-
ity is formulated by the completed tasks. To maximize the
total utility, a Hungarian-based method (TGOA) is pro-
posed by Tong in [18], which can achieve a competitive
ratio of ‘l‘ in a random model. In [17], Tong proposes a
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greedy-based method which is based on a Hungarian-based
method and a greedy method. This method can get a com-
petitive ratio of %. To maximize task utility, [18] utilizes
a threshold-based method for bipartite matching and [17]
utilizes the same method for trichromatic matching. If the
task utility is above the beforehand threshold, this method
will make a task assignment. In [19], Goel and Singla propose
incentive-compatible mechanism under matching constraints,
which can achieve an optimal task utility.

In addition, many research works have optimized the
performance of different aspects in crowdsourcing [2], [20],
[21], [39]. In particular, [20] proposes a new online cost
sensitive framework to batch atomic tasks, which can reduce
the cost of each atomic task. Reference [21] presents a gen-
eral framework for accomplishing complex and interdepen-
dent tasks by Crowd-Forge. Crowd-Forge can decompose
complex-task into small tasks, which is a prototype. Refer-
ence [2] proposes a new crowdsourcing task decomposition
framework which can achieve a minimal cost by packing
many atomic tasks into a big task. Reference [3] utilizes EM
algorithm and Lasso regression to protect the local privacy of
high-dimensional crowdsourced data.

Recently, researchers analyze the effectiveness of approx-
imation algorithms from a bandit perspective by estimating
the service rates of machines [23], [42]. The previous works
explore the machine service rates in cluster. Actually, in the
crowdsourcing, the service rates of workers will change in
each time slot during tasks processing. Thus, we should
estimate worker service rates. In this paper, we utilize the past
service rates and positive definite matrixes to estimate worker
service rates.

In crowdsourcing system, Multi-Armed Bandits (MAB)
problem is close to our task assignment problem. Ref-
erence [22] is a combinatorial MAB problem which has
studied about constrained model with a variety of bud-
get. Moreover, this work considers the exploration of a
budget-limited followed by a cost-free exploitation phase.
Later, Tran-Thanh et al. extend the e-first policy from [24]
to an arm-limited and show that the regret of this policy
is O(B2/3). Auer et al. show the proposed algorithm can
achieve a regret with a lower bound, which is Q(log B)
regret [25]. Many works utilize worker’s capacity constraint
to optimize the performance of crowdsourcing platforms.
Reference [18] identifies a more practical micro-task alloca-
tion problem for maximum utility in spatial crowdsourcing
problem under worker’s capacity constraint. Reference [31]
designs a novel framework with the mutual benefit of work-
ers, where task assignments are made under worker’s capacity
constraint.

In crowdsourcing system, OCO has been utilized to design
the online scheduling algorithm in a convex optimization
framework. Reference [26] proposes a convex optimization
framework for crowds without estimating the true labels
and introduces personal model of each worker. In [13],
the authors consider the knapsacks problem with online con-
vex optimization, which is stimulated by dynamic pricing
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in crowdsourcing. In [28], authors utilize a loss function to
analyze the online learning algorithm’s performance. More-
over, the loss function is a convex function which is solved by
the convex optimization technique. In [27], authors propose
a saddle-point modified algorithm which yields a bound of
O(T?/3) for the constraint violation. Reference [30] pro-
poses a new convex-concave approach to design the online
scheduling algorithm which yields a bound of O(+/T) for the
constraint violation.

lll. PROBLEM FORMULATION AND SYSTEM MODEL

In this model, we choose workers from an available set which
is a fixed set [32]. Moreover, workers are indexed from 1 to
M and reach the crowdsourcing system randomly. Time is
segmented into time slots. L-task j reaches the system at a;
and leaves the system at d; [6]. A L-task (multi-dimensional
large-scale task) can consist of thousands or millions of
A-tasks (Atomic tasks) [2]. The L-task is a multi-dimension
task specified by v;, where v; is a m-dimensional vector,
vj € [0, 1]" and ||vj[l2 < 1. When L-task j arrives the system,
we can obtain the information of v;. In our model, each
L-task allows partial execution under which all A-tasks can
be processed in parallel on multiple workers. f; is a concave
utility function about X; which is the number of completed
A-tasks by deadline d;. Fig.1 shows our crowdsourcing sys-
tem model. Fig.2 shows our methodological flowchart and
Table 1 presents all scheduling variables.

Utility
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FIGURE 1. Our model.
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FIGURE 2. Our flowchart.

A. PROBLEM FORMULATION

To deal with the time-varying behavior of each worker,
we design a stochastic model. If a worker is in specific
behavior, his service rate will reduce. If a worker is working
hard, his service rate will increase. In particular, we treat each
varying worker as an arm for a multi-armed bandit in the
system [33]. Moreover, we consider that the service rate of
each arm (worker) follows a uniform random distribution in
all time slots. To be more specific, we let wﬁ be the service
rate of worker i in time slot ¢, wﬁ € [0, 1] and ||w;i|2 < 1.
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TABLE 1. Scheduling variables.

Variables Mean
a; the arrival time L-task j
d; the leaving time L-task j
fi the utility of L-task j
M workers’ number
N L-tasks’ number
| 2 the feature vector of L-task j
wf the varying service of worker ¢ at slot ¢
T the consume resource of worker 7 at slot ¢
C the capacity of worker ¢
x5 (t) a scheduling decision variable
Reg(T) a regret of our algorithm at the end
Fit(T) a fit of our algorithm at the end
g(z(t)) the short-term constraint of our model
M a positive definite matrix in time slot ¢
nr a real number in time slot 7
1 a positive definite matrix
T a time slot
8 a step-size
oY a step-size
Zr a real number in slot 7
a dual variable in our model
Ly the Lagrangian function in our model

In this model, wf follows a uniform random distribution in all
time slots with E[wﬁ] = w; for all i. In addition, worker i will
consume resource r; to process each A-task. In each time slot,
the total resource consumption should meet worker’s capacity
Ci;. x} (t) is considered as a scheduling variable which is a
binary variable to indicate whether worker i has processed
L-task j at time slot ¢. Then, the completed A-tasks of L-task
X;(t) is represented by:

M
Xty =Y WiIT -xj(0) - vy . ()
i=1
Thus, X; can be given by:
4 M _
Xp= Y Y WIT - xl6) - v . 2)
1=aj i=1

In this model, we maximize the total utility by scheduling
variable x(#) which should satisfy resource constraint. Thus,
in crowdsourcing system, the utility of optimization prob-
lem P1 is given by:

N 4 M '
max f]"( 33 T - - vj)

(P1)
b0l NS S
N
sty xl0)-r <Ci Vi, 3)
j=1
xXi(1) € {0, 1}, Vj,i,z. 4)

Constraint (3) states that the total resource consumption
of A-tasks should satisfy worker’s capacity C; in time slot ¢.
In P1 problem, for L-task j, 1 < i < M,1 < j < N and
aj < t =< d;. Pl is a combinatorial MAB problem to
maximize the total utility, which chooses a subset of proper
arms (workers) in each time slot.
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B. MAXIMIZE L-TASKS UTILITY

In optimization problem P1, we can only quantify the utility
of a L-task after this L-task is completed and leaves the
system. Thus, in each time slot, we should make the online
decisions for task assignments before this L-task leaves the
system. As such, it is not tractable to tackle problem P1
since the aim cannot be handled in an online manner. In this
paper, we utilize another approximated optimization problem
to instead optimization problem PI1. Then, we can solve
the approximated optimization problem to get online algo-
rithms. This approximated optimization problem is also a
time-varying aim problem as follow:

N d M
> Wi—apfQ Y X OWIT v/ (di—a)) . (5)
j=1 t=aj j=1

(dj — aj) is the processing time of L-task j, which is also the
number of time slots in crowdsourcing system. In each time
slot ﬁ(Z, —a; Zizl[wi]'l' xj(t) v; /(dj—ay)) is average utility
and we should maximize this average utility. We define the
regret and the fit by online convex optimization (OCO) tech-
niques, which are the performance metrics of our proposed
online algorithm [23], [34].

C. PERFORMANCE METRICS

We use the regret as a performance metrics to analyze
our online algorithm. This regret analysis is better than a
competitive-ratio analysis which is not always doable to
achieve a constant ratio. In this model, the optimal utility
of P1 1sf,(Z, s M | [wh ]T x' *(t)- ;) and the average util-

ity in Eq.(5) is (d; a,)f,(Z, g Zl 1[W 1T- X i(1)- v /(di—ay)).
Based on [35], we define the regret is the dlfference between
the optimal utility and the average utility.

Reg(T) = Zf,(ZZ[w 1T - x"(0) - )
t=a; i=1
d M
- Z(d —a)fiY Y W T (0w /(dj—ap) . (6)
j=1 t=aj j=1

where x;’*(t) is optimal decision for P1. Essentially, we use
the optimal utility as the benchmark to compare the average
utility. Moreover, our online solutions meet the short-term
constraint as follows:

M d N

O X -ri—GC), 7
J

i=1 t=a; j=1

Fit(T) =

In some time slots, Eq.(7) can be violated temporarily [30].
Moreover, (C; — Zﬁvzl x; (t)-r;) is considered as the constraint
violation, which is under control in our model.

IV. A SINGLE L-TASK CASE ONLINE TASK ASSIGNMENT
In our model, we first design online task assignment policy
in a single L-task case. In optimization problem P1, variable
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x}(t) becomes xi(¢) and fj becomes f. We handle this case by
the OCO techniques and consider a; = 0,d; = T. In each
time slot, the short-term constraint in (3) can be given by:

gx(1) =x'(t) - ri —
Combine Eq.(5) with Eq.(8), P1 becomes:

Ci=0, ®)

T M
max T f(z Z[wﬁ]—l— -x;(l) -v;/T)

) =1 i=1
s.t.g(x(1) <0. 9

(P2)

A. ESTIMATE WORKER'S SERVICE RATE

In P2 problem, we cannot know the service rate wﬁ at the
beginning of slot . Moreover, wg will change by each time
slot . Thus, we need to estimate the service rate wg before
making online task assignments. We use the past service rate
of arm (worker) i and positive definite matrixes to estimate
the service rate wﬁ. This technique is common in prior work
on contextual bandits (e.g., in [29], [36], [37], [43]). By the
multi-dimension task method of [43], wt. is given by:

-~

t _ g1
i Z'x (‘C)vjzf ’

(10)

where
t—1 e

M, =1+ X@ylx @yl 2 =W 1 @+,
=1

1)

where M, is the positive definite matrixe in time slot 7
and [ is also a positive definite matrixe. z; and n; € R,
Elnelx(Dwy, 21, -, (0 = Dy, 201, x3(0)v;] = 0. More-
over, t and Tt denote time slots.

B. DESIGN ONLINE ALGORITHM

In this section, we utilize random sampling to update the
primal-dual variables based on a primal-dual approach [38].
We consider that a(t + 1) is the dual variable. Therefore,
in time slot 7, the Lagrangian function is characterized by:

t—1 M

Lix.a) = of (O Y wiITs! (r)v,+Z[w 1Tx'()v;)/1)
=1 i=1 i=1

—a(t+ Dgx).  (12)

By the primal-dual approach in [38], x(¢ + 1) is given by:

x(t+1) = Hg(x(t) 1 B VoL (x(0), oc)) a3

Here, I1q(n) is the projection of n and g is the step-size.
As we know, I1q(n) is the vector with all values between
0 and 1. Thus, ITg(n) can be calculated by:

no 0 < n' <1,
(Ma@) = {1
0 otherwise ,

(14)

n>1,
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where n' is the one element in vector [Tqo(n).

We update the dual variable by Nesterov’s Accelerated
Gradient Descent [40]. For the reason that this method can
achieve a better regret bound than others. Thus, the dual
variable is given by:

a(t + 1) = max {0 ()4 21 - g(e(1)—p - ge(t — 1))} .
(15)

Here u is the step size and g(x(#)) is the short-term constraint
in our model.

In addition, x;(t) is considered as a scheduling variable,
which is a binary variable to indicate whether worker i has
processed L-task j at time 7. Based on Eq.(13), we can know
that x(¢) is the vector with all values between 0 and 1. Thus,
we utilize a simple random sampling method to round x'(z)
as an integer X(¢):

with prob. xi(t)

¥() = 0 with prob. (1 —x'(¢)) . (16)
Furthermore, we can get:
EX ()] =x'(t) . (17)

where X(¢) is considered as the unbiased estimator of x/(¢).

To solve the optimization problem P2, we first utilize
Eq.(10) to estimate the service rate wi. Then, we use Eq.(15)
to calculate the dual variable a (¢ 4 1). At last, we substitute
wg and «(t 4+ 1) into Lagrangian function Eq.(12) to get
the primal variable x(r). Thus, we round the decimal x‘(r)
to an integer X'(¢) by Eq.(16). Then, we check whether the
constraints Zj»vzli(t) s < Cp & X(t) == 1 are satis-
fied. If these conditions are satisfied, we assign L-Task j to
worker i. The corresponding pseudo-code of OSS (Online
Algorithm by Random Sampling in A Single L-Task) is given
in Algorithm 1.

Algorithm 1 :0SS
1: Initialization «(0) = 0 and X(z) = 1;

2. fort=1,2,...,T do

3: Estlmatlon on worker service rate w’ by Eq.(10);
4: Calculate the dual variable «(t + 1) by Eq.(15);
5: Calculate the primal variable x(¢) by Eq.(13);
6: Round x(¢) to integer X(7) by Eq.(16);

7. ifX(@) - < C; &X(t) == 1 then

8: Assign L-task j to worker i;

9: else
10: exit;
11: end if
12: end for

C. OSS ALGORITHM’'S PERFORMANCE

In our model, we analyze OSS algorithm’s performance using
regret metrics defined in Eq.(7) and Eq.(6). If the OSS algo-
rithm guarantees a sublinear regret bound and the constraint
violations, our online solutions (task assignments) are close to
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the optimal solutions over time slots. Our probabilistic model
takes into account the random behavior of workers in crowd-
sourcing systems, which can apply for real applications.

Theorem 1: After T time slots, the upper bound of Fit(T)
in Eq.(7) is:

T T
FilT) < /TMC"* In 3 +In 3

with prob. (1 — §).
Proof: To prove this theorem, based on Eq.(17), we can
get:

(18)

EX @] =x't), te{l,2,...,T}.

Considering Eq.(8) and OSS algorithm, in a single L-Task
case, Fit(T) is:
'0-C.

Fit(T) = (19)

M T
2. (¥
i=1 r=1

WeletB=Y"_ M » 'x;(f) andB =YY" r-
Xi(t). Then, [41] implies that, at least (1 — §) probability,
we can get:

~

BT B/ < BT (20)
“Nr2 T
which leads to
B-B<,yB+y, 1)

In our model, the constraint (8) implies that B <
M 3T | Ci. Therefore, we have:

Fit(T) < ,/yTMC"™ 4+ y . (22)
holds with prob (1-=19).
Lety = ln . Thus, we can get:
. / T T
Fiu(T) < /TMC"* In 3 +1In R (23)
|

Theorem 2: After T time slots, if f is a w-Lipschitz func-
tion, the upper bound of Reg(T) in Eq.(6) is:

147 T
Reg(T) < O(x2Mm,|T In +5 Ty + 27 In . (24)

with prob. (1 — §).
Lemma 1: The x(t 4+ 1) in Eq.(13) is calculated by:

x(t + 1) = arg min —ol(x —x(0) + w (25)
xeQ ! 28 ’
where 0 = B - VL (x(2), a(t + 1)).
Appendix VII-A is the proof.
Lemma 2: With prob. (1 — §), we have
fQjX)vTx”mnw<Zijwaw
t=1 i=1
(26)
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Appendix VII-B is the proof.

Lemma 3: Let B = #f we have:

T M
Zf(Z[w 1T 0w = T £ WiITx(0)w/T)
t=1 i=1
VTMD?>  3MNT
< + .

5 27

Appendix VII-C is the proof.
Proof: As we know, wf is the estimation of service rate,
which is not the real service rate. Thus, we can get:

T M
Reg(T) =fi(D Y WiIT -x(1) - vj)

t=1 i=1

T M
—TF Q> WITR (1w /T)  (28)

1=1i=1
Based on Lemma 2 and Lemma 3, we can use
the intermediate variables f(>./_, >"¥ 1[w’]"l’x (t)v;/T)
to get the regret. In the followmg, we show the
relatlonshlp between f(Zz 121 UAREY (t)vJ/T) and
f(X:t=1 lel [wt]"l' (t)vJ/T). If f is a w-Lipschitz function,

we can get:

T M . ' T M )
T ST 0wy 1= TF O Y IWTE (0w T)|

t=1 i=l t=1 i=l

T M T M )
<7 ’ W Tx () — ZZ[wg]Tx'(t)vj(
> Z WTx 0y — 30 S Wi ITH 0y |

t=1 i=lI =1 i=lI
Ry Ry

T M
TR Oy — 3 > Wi 0w | . 29)

=1 i=1

Ms

= »y

t=1 17

Il
-

R3

Based on Eq.(20) and y = In %,
get to know that:

T T
|R1—R2|§\llngTM—|—ln§. (30)

The second term of Eq.(29) can be reformulated as:

T M . ) T M )
IR = Ral=| 30 D Wi T# 0 — 3 Y W TR (0w

=1 i=1 =1 i=1
(31)

with prob. (1 —§), we can

Following [37], w is in an ellipsoid with the center w
at least (1 — §) probablhty In this situation, we define the
positive definite matrixe M-norm as [|w! ||y := /[wi]TMwt.
In each time slot, the confidence ellipsoid is formulated by:

-~ 1+ tm
Wi —willpy, </mln + /m (32)
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Then, lemma 11 of [36] implies that "/, |¥(t)v;ll,,-1 <
t
~mT InT. Thus, with probability at least (1 — §), we have

Mo T M '
n) DO TR (0w = Y Z[wi]TFE’(t)vj‘

t=1 i=1 t=1 i=l1

IA

T
t 1 ~i
aMwh —willw, Y 1% @i,
t=1

1+t
AM(,/mIn 2 " Jm)mTInT)
1+Tm
m2Mm,| T In 5 InT (33)

Combining Eq.(29), Eq.(30) and Eq.(33), with prob. (1-§),
we have:

IA

IA

T M ' T M )
T YT /T = TFCY YW TE 0w /T)

t=1 i=1 t=1 i=1

14+Tm T
< O@@2Mm,/T In 5 InT)+ 2 In e (34)

Together Eq. (34) with results from Lemma 2 and
Lemma 3, we can get Theorem 2. OJ

V. ONLINE SCHEDULING FOR MULTIPLE L-TASKS CASE
In this section, we show online task assignments in multiple
L-tasks case. Based on Eq.(8), the capacity constraint can be
characterized by:

N
gxj(t) =Y xi(t) 1 —C; <0 (35)
j=1
In this multiple L-Tasks case, we leta; = Oand d; = T.
Then, we present the optimization problem as follow:

=1 Zi:l[wir]Tx;(T)"j>

EDRIPICE “’”
s.t. g(xj(1)) <0, Vj, (36)

A. DESIGN ONLINE ALGORITHM
In P3 problem, the service rate wg is also unknown. Thus,
we utilize the previous service rate of arm (worker) and posi-
tive definite matrixes to estimate the service rate w§ . Thus, wﬁ
is given by:

. -1 N

wh=M"3 " Xz, 37)

=1 j=1

where

1—1 e
M, =1+ x@lxml’, ze = w1 x' (0w +ne

=1

(38)

where M, and [ are po_sitive definite mat_rixes, n: € R and
]E[nf |x;(1)v]a Zla LI ) x;(f - 1)vj7 Zf—la x;(r)vj] = 0'
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We consider a dual variable oj(fr) and a(t) =
{a1(2), ..., an(?)}. In each time slot, the Lagrangian function
can be formulated as:

Ly(x, a(t + 1))

i 1[W’]TX‘(t)v,+Z, W )]Tx vj)

_Zf’( t

—~ Z(Xj(t + Dg'(1)) .

j=1

(39)

In this case, multiple L-Tasks J; may arrive at the same
worker simultaneously. We utilize the same method of
Eq. (13) to get x(¢) as follow:

x(0) = Mo (x(t = 1)+ B+ Velim1(x(t = 1), @) (40)

Then, we should schoose a proper L-Task among
J:. The proper L-Task can be choosen by j =
minjej, {x/(6)— (1 — 1)+ - Vi L (et — 1), (1)}

After getting xj(t), we round x;(t) to an integer f;(t) €
{0, 1} by the method in Eq.(16). Thus, f?(t) meets:

E[x (t)] = X ).
We update oj(f + 1) by the method in Eq.(15) as follows:

(41)

it + 1) = max 0., () +242 - 80— - gCxi(r = D) .
(42)
The corresponding pseudo-code of OSM (Online Algo-

rithm by Random Sampling in Multiple L-Tasks) is presented
in Algorithm 2.

Algorithm 2 :OSM
1: forr=1,2,...,T do
2: Inltlahzatron a(0) =0and X' (t) =1

3 Estimate worker service rate wﬁ by Eq.(37) Eq.(38);
4 Calculate x;(z) by Eq.(40);
5 fori=1,2,...,M do
6: Choose the proper L-Task j by the upper method;
7 Calculatq the dual variable a;(t + 1) by Eq.(42);
8 Round x’(t) to N’(t) by Eq.(16);
9: 1fZ lx i(t)-ri < C; &f’(z) == 1 then

10: A551gn L-task j to worker IR

11: else

12: exit;

13: end if

14: end for

15: end for

B. OSM ALGORITHM'’S PERFORMANCE

In our model, we analyze OSM algorithm’s performance
using regret metrics. If the OSM algorithm guarantees a sub-
linear regret bound and the constraint violations, our online

VOLUME 9, 2021

solutions (task assignments) are close to the optimal solutions
over time slots.
Theorem 3: After T time slots, the upper bound of Fit(T)

in OSM is:
T T
FilT) < /TMC"* In 3 +In 3

with prob. (1 — ).
Proof:  Inferred from Eq (20) and the consgaint
(35), we let B Z] DI Sy x;(t) and B =

Zj 1 Zt | Zl E Xi(r). Fit(T) in Eq.(7) under OSM is
bounded by:

/ T T
Fiv(T) < /TMC"* In 3 +In 3
]

Theorem 4: After T time slots, if f is a w-Lipschitz func-
tion, the upper bound of Reg(T) under OSM is:

157 MT
Reg(T) < O(x2NMm,|T In +5 " InT)+ 27N In =

(45)
Proof: As f is a m-Lipschitz function, following
Eq.(34), we can get that:

(43)

(44)

\Tf(Z Z Wity /T — Tf(Z Z WITR (1) /T)

t=1 i=1 t=1 i=1

14+Tm T
< O@@2Mm,/T In 5 InT)+ 27 In 3 (46)

Thus, with prob. (1 —4), we can get:

| Z TH3 ST/

t=1 i=l1

- Z Tf(Z er 1T () /T)

t=1 i=1
T M

N -~ .
< Z T D Wi T/

t=1 i=1

- Tf(Z er TS0/ T)|

t=1 i=1

147 T
< O(N72Mm,|T In +5 " inT)+ N2x In~. (47)

Combine Eq. (47) with Lemma 2 and Lemma 3, we can get
Theorem 4. O

VI. EXPERIMENT

In this section, we investigate online algorithm’s performance
using a real data set. In this data set, we can get the duration of
all L-tasks and the number of A-tasks. Moreover, we extract
more than 6000 L-tasks over 12 hours. v; is 5-dimensional
vector, v; € [0, 11° and lvill2 < 1. w? is 5-dimensional vector,
wt € [0,1]° and [[w!||2 < 1. r; is a value and r; € [0, 1]. The
detailed L-task datas are illustrated in Table 2.
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TABLE 2. Real data.

Total number of all L-tasks 6060
Trace duration of all L-tasks (s) 35030
Average number of A-tasks 25.31
Minimum duration (s) 10.8
Maximum duration (s) 22920.3
Average duration (s) 1180.7

In practical applications, translating Chinese papers into
English papers are typical L-tasks, which need many workers
to complete. As we know, Google Translating Software is
not suitable for completing these L-tasks, since it can lead
to many incorrect sentences. Thus, we should upload these
L-tasks into Amazon Mechanical Turk in turn. Each paper
contains many sentences which can be assigned to many
workers simultaneously. Each worker translates one sentence
on three aspects including context, grammar and spelling.
At the beginning of each time slot, we should estimate the
service rate wg . If one worker makes a better translation,
he or she will get more payment.

Simulation Setup: In the real data, we can get the arrival
time a; and the deadline d;. The capacity C; is uniformly
distributed in [5,10]. Based on [44], a concave function
X)) = \{jX/f‘ can be considered as the utility function of
L-task j. Here, we letx = 1/2,v;is also a uniform distribution
in [1,5].

A. EXPERIMENT FOR OSM

Baseline Algorithms: The following three algorithms are con-
sidered as the baseline algorithms to compare with the OSM
algorithm:

e OSM No Worker Estimations (OSMN): A L-task is
assigned to a worker by OSM algorithm, but this algo-
rithm does not estimate the worker service variabilities.

e Random Algorithm (RA): A L-task is assigned to a
worker randomly.

o Deadline-Aware Algorithm (DA): A L-task is assigned
to a worker by the tighter deadline.

In OSM algorithm, in each time slot, we maximize the
average utility by assigning a task to an appropriate worker.
Therefore, we can know that the number of workers can
affect the total utility in crowdsourcing system. Results
in Fig. 3 present the total utility of 200 workers is more
than the total utility of others. Considering the total utility
and the economic efficiency, we let the number of work-
ers be 200 and neglect more than 1600 situations in OSM
algorithm.

In OSM algorithm, different time slots can include differ-
ent number of L-tasks, which can affect the remaining task
assignments. Therefore, we need to calculate out the total
utility by different time slots. Fig. 4 presents the total utility
of 5 seconds is more than the total utility of other time slots.
Considering the total utility and the completing time, we let
time slot be 5 seconds and neglect more than 40 seconds
situations in OSM algorithm.

78032

x10°

wn
W
T

The total utility
W

T

200 400 600 800 1000 1200 1400 1600
Number of workers in the crowdsourcing

FIGURE 3. The total utility by different number of workers.
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FIGURE 4. The total utility by different time slots.

By 5 seconds and 200 workers, we compare the total utility
of OSM algorithm with that of OSMN algorithm, RA algo-
rithm and DA algorithm. Fig. 5 shows the total utility curves
of four algorithms. The curve of OSM algorithm is above that
of OSMN algorithm, RA algorithm and DA algorithm. As we
know, OSM algorithm maximizes the total utility by Online
Convex Optimization (OCO) techniques, which is better than
other algorithms.
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5 DA
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The total utility
S} w N

0 2000 4000 6000 8000 10000 12000
time/s

FIGURE 5. The total utility of all L-tasks.
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TABLE 3. The total utility by different algorithms.

OSM Algorithm 5.33 x 10°

OSM No estimation Algorithm | 4.69 x 10°
Random Algorithm 3.96 x 10°
Deadline-aware Algorithm 5.00 x 10°

In Table 3, we calculate out the total utility by four
algorithms in crowdsourcing system. We can know that,
comparing to OSMN algorithm, RA algorithm and DA algo-
rithm, OSM algorithm increases the total utility by 15%, 25%
and 5% respectively. Thus, OSM algorithm presents a better
performance than other three baseline algorithms.

VII. CONCLUSION

In this paper, we address large-scale multi-dimensional
crowdsourcing tasks by considering the varying service of
workers in crowdsourcing system. We consider each varying
worker as an arm for a multi-armed bandit in the system.
In this model, we study the combinatorial MAB problem with
concave aim. To tackle this challenge, we have presented a
novel framework with bandit method. We design the online
scheduling algorithm from a bandit perspective by Online
Convex Optimization (OCO) techniques. Our algorithms can
achieve a sublinear regret bound and show a better perfor-
mance than the baseline algorithms.

APPENDIX
A. PROOF OF LEMMA 1

Proof: Considering the projection of Eq.(13), we can
get:

() +B - VL (x(t), a(t + D))]I3 .
(48)

x(t + 1)=argmin ||x —
xeQ

We expand all the terms, ignore the constant value and divide
Eq.(48) by step-size 28. Thus, we can get the Lemma 1. [

B. PROOF OF LEMMA 2
Proof: We know %"* is the optimal solution for opti-
mization problem P1. Thus, we have:

f(ZZ[w 1T - (1) - vy —f(ZZ[w IT&*(0)w)) .
t=1 i=1 t=1 i=1
(49)

[41] implies that [wi]T - v < [;ﬁ IT - v with prob
(1 — 4). Based on the increasing concave function f, we can
get Lemma 2 by union bounds [43]. d

C. PROOF OF LEMMA 3
Proof: Eq.(25) is a convex function and the mold is ﬁ,
we can get that:

|lx(t) — x(t — D3
28

—oT(x(t) —x(t — 1)) +
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t—1 M

—if (O Y Wi ITxl (r)wy + Z[w 1Tx (t)w)/1)

=1 i=1 i=1

llx*—x(t—DI5  |lx®—x(—1I[3
D)+ 2/3 — 26
t—1 M

+r QY Wi T (r)vJ+Ew 1T (1)vj)/1)

t=li=1 i=1
_ I —x@ = DI @) —x@ = DI
- 28 2

t—1 M

—if (O S Wi 1T (0w + Z[w 1Tx™(1)v;)/1) (50)

=1 i=1 i=1

< —ol(x*—x(t

Here H,t...t, are cor151dered as time slots.
— (2 1[w’]Tx (O A W Tx™ (1)) /1)
and \II, = (f((ZT lZz 1[wT]'I'x (t)vj)/t). Based on

Lemma 5 of [23], we have:

M~T
2

T
@ —w) < ﬁng 43 (51)
t=1

As f is a concave function, ®; and W,_; can be given by:
t—1 M

(Y Wi T (o) + Z[w’]Txl*(r)v,)/r)
=1 i= 1_1 y i=1

(= DFQ] Y wE T (Tw)/ (2 — 1)

=1 i=1

;

v

M
+FO_IWITE™ (1))

i=1

M
Wi +£O W Tx™()w)) (52)

i=1
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