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Abstract: Crowdsourcing has recently been used in various applitsitiand the possibility of its utilization and importance is
expected to increase continuously in the future. Howeuenvdsourcing cannot ensure the precision of the resultausecit is
performed by unspecified individuals who cannot guarartieequality of results. In particular, a more sophisticatesktthat has
complex problems is harder to get an accurate result. Inpgier, we propose a novel framework to improve the qualitywark in

a crowdsourcing environment. We analyze the charactesisfi workers and allocate the appropriate task to workemnpoove the
quality of results. We propose a cumulative voting for cori@ssessment instead of the majority representation mhethah is more
commonly used. Our experiments show that proposed frankeiwgaroves quality of results by effective work allocatiomdaquality
analysis.

Keywords: Crowdsourcing, Task Distribution, Quality Analysis

1 Introduction shows public capability. Therefore, it is important that
assign appropriate tasks to each individuals who can
Iresolve the problem properly according to the
characteristics of the task for crowdsourcing. Moreover,
to increase the quality of the results obtained through
cfrowdsourcing, an accurate evaluation of the results of
each task is important.

We suggest a framework that can improve the quality
of results in an environment to solve problems by
crowdsourcing. Proposed framework consists of task
management, worker management, task distribution, and
quality analysis. The remainder of this paper is organized
as follows: Section 2 reviews the related literature in
Crowdsourcing. Section 3 explains the proposed
Turk[5]. These frameworks provide platforms to trade arcEitecturg and 3'90”Fgm5 to assign and evlalt_Jate the
crowdsourcing task via web. tas.. Section 4 escribes our use of'S|mu auon; to

. validate the results. Finally, the last section summarizes

However, the current focus on the crowdsourcing taSkthe contributions of this paper
is too simplistic and does not consider the capability of '
the public sufficiently. Existing crowdsourcing tasks
assume that a set of simple jobs will be handled, evey R ated Work
though the public can resolve complex and difficult work,
such as article working], translationB][9], and Most existing works on crowdsourcing typically focus on
planningfL(]. Wikipedia[11llis a great example that the extension of traditional techniques into crowdsolgcin

Crowdsourcing is concept of getting services, ideas, o
content by contributions from a crowd of people, usually
using online community, rather than traditional
employees or suppliers. This practice has attracte
significant interest recently because it is expected toesolv
various real-world problems that cannot be handled
properly by traditional computing methods. The concept
of crowdsourcing was first introduced by HowH,[and

[2] defined crowdsourcing as a online, distributed
problem-solving and production model. Crowdsourcing
has been applied to handle real-world problems, such a
reCAPTCHAQR], Duolingo[4], and Amazon Mechanical

* Corresponding author e-maslpark@sogang.ac.kr

(@© 2015 NSP
Natural Sciences Publishing Cor.


http://dx.doi.org/10.12785/amis/092L17

424 NS 2 S. Lee et. al.: A Quality Enhancement of Crowdsourcing based

and its optimization. CrowdDB[2, Qurk[13 and

Allocated
Deco[l4] are techniques that use crowdsourcing to extend Qi o bt \
existing database systems and can use SQL-like query ir = - 333
a crowdsourcing platform. Studies on query utilization for = / Bt A [Z]
crowdsourcing have been researched, including the &{J_’ 5 Lt
optimizations of approaches such as SELECT, JOIN, [csuoue] .
SORT, MAX, GROUP BY, and Entity Resolution. Others |€2ﬁ \ o

works focused on query result size prediction under an
open world assumptiotif], selecting the best workers
from the set of specified workers and buddé}] and
adopting workers in advance and grasping the work
quickly to reduce searching spaté] 19].

Reliability = management is  important for
crowdsourcing.19] suggests a method for managing the
stepwise reputation of workers. Moreover, studies on the
control of spammers, who solve a task randomly, andevaluation of worker, duration of labor, and analysis of
streakers, who resolve most of the work alone, werethe result can be collected to calculate for determining
introduced. R0 suggests a task-worker matrix that task level of future works. This analysis is used to assign
recommends work based on the history of past tasks fotask to appropriate workers.
efficient allocation of work.

Numerous works address query optimization for cost
reduction. However, these works rely on simple worker 3.2 \Work management
selection, which does not consider the characteristics of
each worker. And by using a majority representationLet worker set W4ws,...w, } and the total number of the
system as a quality evaluation, there are some waste ofiorkers béW|=n. Further, expected arriving time of each
guality and low accuracy of evaluation. workers isTimg={timgq,...time; }, and the time duration

As it can be seen from Wikipedia, crowdsourcing canis d; that is needed to resolve the task of each wovker
solve more complex problem although existing works just The worker management component also deals with this
focus on simple task using crowdsourcing. We introduceinformation and analyzes the capability of workers and
a novel framework for high quality crowdsourcing to evaluates each workers Skill Lev8l;. Weur denotes the
solve more sophisticated problem using efficient work set of workers that are currently connected to the system.
distribution and evaluation system. Let system variable DL be the waiting time of tasks that

the system can wait for additional workers. Additional
workers who are expected to arrive sooner or later are

denoted byM,, as presented below.
3 SYSTEM ARCHITECTURE W, = {w; [for alliand I,time; + d; < timeney + DL }

We provide a novel framework that consists of task andW As aresult, the total set of available worker$g =

worker management, task distribution, and qualitynCur U Wi attimenos. Additionally, we assume that the

analysis, as illustrated in Figure 1. The task and worker. umber of tasks is greater than the number of workers. It

is reasonable assumption because in real world, there are
management component analyzes and manages propertl%shs of problems that wait for worker who can solve it

of tasks and registered workers. Then the task distributior}md the number of workers is much less than the number
component utilizes this information to assign the of problems

appropriate tasks to workers. Finally, the quality
evaluation component evaluates the results of
crowdsourcing and elects the best qualified result to b T

returned to the service requester. %'3 Task distribution

Quality Evaluation

Fig. 1. A framework for high quality of crowdsourcing

Assigning the appropriate tasks to workers significantly

affects the quality of the task in a crowdsourcing
3.1 Task management environment to solve complex problems. For example, we

assume that we have a tagkwith TL;j=10 and workers
A total task set T+ty,...tm} should be considered, and the w,, w, with SL;=10 and SL,=5. The task should be
size of task is|T|=m. Task LevelTL; refers to task assigned taw, than tow,. We assume that the proposed
difficulty, which is determined by analyzing the task distribution method try to minimize the difference
crowdsourcing task characteristics. For example,between the level of skill of workers and the difficulty of
crowdsourcing translation can use FleschKincaid Graddhe tasks because the number of workers is less than the
Level (FKGL)[2]] to determine the task difficulty. Each number of tasks. Specifically, the problem of finding the
task information such as predetermined difficulty, actualbest work placement is as follows:
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Algorithm 1. The best task distribution as user and task level

Procedure BestTaskDistribution
input: n', m, // size of Wand T

SL, TL // Skill and Task level
output: f[] // best distribution function
begin
Win'] = {SLy, ..., SLy}; // SL, £ SL, if a<b
TIm] = {Tly, ...y TL}; // TL, < TL,ifa<b

d[n'][m] = {=}; /1 d(i, 3)
Tr[n'][m] = {(0, @)}; // trace of d(i, j)
/* calculate d[][] by dynamic programming */
for i =1 ton' do

for j = 1 to mdo

assignment guarantees sufficient quality. But for the

difficult and complex tasks, the best performance result is
hard to select that which one is the correct answer among
several receiving candidates.

Assume that we have two candidates, and we should
select the better one. For simple task example, "What is
the biggest number between 2 and 3?” This case is trivial
because 3 is easily determined to be bigger than 2. Quality
analysis can be quickly and easily implemented through

if i £ j then
/* calculate d(i, j) and save the trace */
preMin = mingg..,(d[i-1][k] + [SL;-TLy|);
d[1][3] = min(preMin, d[i][3-1]);
/* preMinK is index of preMin in T */
Tr[i][j] = preMin < d[i][j-1] ? (i-1, preMinK) :
end if
end for
end for
/* find best f */
f[n'] = (n', minm) where d[n'][minm] is the min of all d[n'][];
(%, y) = Tr[n'][minm]; i =n' - 13
while i > @ do
fIi] = (x, ¥); (x, ¥) = Trx]ly];
if x ==1 -1 theni =1 - 1;
end while
return f[]; // return best distribution
end of Procedure BestTaskDistribution

a plurality voting system, which is every worker has one
ballot.

However, in some cases, selecting the better option is
difficult despite high worker accuracy because the answer
of task results cannot be determined simply. For example,
Which translation is better than the other or "Which place
should we go to between the East Gate and the Namsan
Tower if someone visit Seoul for the first time?” Answers
to these questions are subjective, which makes it difficult
to determine a correct answer. In this case, unanimity is
not guaranteed despite 100% worker accuracy because
workers vote by their subjective opinion.

As a result, query result evaluation in crowdsourcing
is a difficult problem. We define this difficulty in quality
evaluation in crowdsourcing as follows:

(i, 3-1);

Fig. 22 An algorithm for finding the best task distribution by
dynamic programming

Definition 1. Hardness of Quality Evaluation When we

Problem 1. The Best Task Distribution Given two sets T €valuate the result of crowdsourcing, we cannot guarantee

and Wy, find the function f that has the minimum unanimity every time, even if the accuracy of all workers

S W Iél-i — TL¢g| in all possible one-to-one is 100%. We define this issue as hardness of quality
i avai

functionsf : Wayg — T. evaluation.

Brute-force search is the simplest method to solveDefinition 2. Relative Quality When all of the workers’
problem 1, but we havenPy ways, and the time &ccuracy is 100% for the hardness of quality evaluation,

complexity is O(m!/(m— n')!) in the worst case. To W€ define the proportion of vote of each candidate as

reduce time complexity, we use dynamic programmingCandidates relative quality.

and greedy algorithm. The greedy method matches each _ , .
element ofWa, to each element of T based on the Definition 3. Correct answer in hard evaluation Correct

minimum difference between skill level and task answer in hard evaluation is determined to the candidate

difficulty. Although this method does not guarantee the @nSWer that has highest relative quality

optimal solution, it has onlyO(mn) time complexity. In hard'ness of quality 'evaluation, the majority
Meanwhile, by using dynamic programming, we can find representation systems have increased error rate because
optimal solution. In Figure 2, the dynamic programming each worker casts one vote. For example, we assume that

algorithm for solving Problem 1 is described. First, the W0 candidates, A and B, which have a relative quality

algorithm sorts the elements of T aWyq based on SL  9a= 0.7 andgs = 0.3,
and TL. Then the minimum summation of difference  'eSPectively. Also we assume the average accuracy of
between task and skill level d(i,j) is as follows: each worker is 90%. When five workers are evaluate the

two candidates based on the majority representation
voting system, the probability of selecting A is
0.7 x 0.9+0.3 x 0.1=0.66, whereas that for B is 0.34.
Then the probability of selecting A as the higher quality,
i.e. the correct answer for this evaluation,
(0.66)3+(0.66)3(0.34)%C, +(0.66)3(0.34)24C,=0.78. Also

the required average ballots for this evaluation, i.e. the
cost, is
3(0.66)3+4(0.66)3(0.34)3C;+5(0.66)3(0.34)2,Co+
3(0.34)3+4(0.34)3(0.66)3C; +5(0.34)3(0.66)%4C,=3.98
When the tasks are completed, the result is reported to the If the relative qualities of two candidates are 1.0, 0.0,
framework. In the case of a simple task, an existing workthe average correct answer rate is 0.99, and the average

d(i,j)=min{miny<i<;_1{d(i-1,k)+
d(i,j-1)} i<
This algorithm ha®(m?n’)time complexity, such that we
can solve the problem 1 in polynomial time.

ISLi — TLjl},

3.4 Quality analysis
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cost is 3.31. The majority representation voting system  That is, 6a=r%/(Qg x G), 6g=r%(Qa x G). The

decrease answer rate and increased average cost wherpitoposed model defines the skewness of two distributions

apply to hard evaluation problem. using G. So, if we want to estimate workers average
In our proposed framework, we apply a cumulative accuracy, we can determine Gusing average accuracy. Let

voting system for the hard evaluation. In hard evaluation,the workers average accuracy is as the probability that

there is no candidate which has absolutely outstandingvery worker casts over 50 points to their preferred

quality. The cumulative voting system, that each workercandidate based on relative quality. is described by

has more than one ballots, can close to the relative qualitizquation (3).

more quickly and accurately than majority representation

voting system. In the proposed framework, we apply the

cumulative voting systems as follows: Each worker

grades each candidate from 0 to 100 points in increments i s o e SN iR

of 10 points and the sum of all points is 100. Then the

. . . . . x  |Ranks(x) |Renks (x) |(1/Rank,(x))?4 |(1/Ranks (x))% pal®) ps(x) P
candidate answer with the highest point is to be the |, 3 e e Souses e oniee
Correct anSWGr. 10 7 3 0.00813 031213 0.00508 0.08640 0.02947
20 6 2 0.01190 0.47969 0.00743 0.13278 0.04503
30 5 1 0.01868 1.00000 0.01166 0.27680 0.09120
40 4 2 0.03244 0.47969 0.02025 0.13278 0.05401
50 3 3 0.06609 031213 0.04126 0.08640 0.05480
60 2 4 0.18012 0.23010 0.11245 0.06369 0.09782
70 1 5 1.00000 0.18164 0.62427 0.05028 0.45207
07 —&—p(x) --k=--pA(x) —8— pB(x) 80 2 6 0.18012 0.14972 0.11245 0.04144 0.09115
90 3 7 0.06609 0.12716 0.04126 0.03520 0.03944
100 4 8 0.03244 0.11038 0.02025 0.03055 0.02334

Fig. 4: The probabilities of cumulative voting modeling example

o= % (Pa(100—x)ga+ ps(X)gs)

(1/Ranka(100— x))eA

co'S roran(1/Ranka(100— K)o A (3)
(1/Rankg(x))%

Y forallk(1/Rankg(k))%

As a result, we can determine G by finding the solution
of the equation g(G)=0.

Fig. 3: An example of cumulative voting modeling B X:o,g

Os)

We use Zipf-like distribution22] and gravity model
for estimation modeling to predict the evaluation under
the cumulative voting system. For example, as the
previous example, we assume the worker who prefer A
gives 70 point to A and 30 points to B by following the ©) (1/Ranka(100— x)) %A
relative qualities. We definpa(x) as the probability thata 9 x_O%, 50 2 foralik(1/Ranka(100— k))6a Ga

worker who prefer A gives x points to A. Angg(X) is (4)
also a probability that a worker who prefer B gives x (1/Rankg(x))% a
points to B. We set up two Zipf-like probability density Zforajlk(l/RankB(k))quB) B

functions as shown in Figure 3 and 4. _ _ . _
The skewness of each probability density function, — 9(G) is @ monotone decreasing function where G is a
name'y,A, B, can be Ca'cu|ated using the gravity mode'_ pOSItlve real number and It haS Only one SO|utI0n fOI‘

We assume that, in the previous exam@ger=qa100=70, 9(G)=0. Therefore we can use the NewtonRapshon
Qe=03100=30, andr = |Qa — Qg|. To define the method to solve the equation. In the previous example, we

Skewnessl we use Equation (1) apply qA:0.7, qB:0.3, anda =0.9 to this equation, then
we obtain G 21.566777. Figure 3 and 4 presents the
Qa x Qs whole probability distribution of this model as
F=CG—0©(— @) p()=pa()x da*+pa(x)x ds.
where G is a constant to define the skewness. Then we
calculate, andg using F as below 4 EXPERIMENTAL RESULTS
1 We perform experiments to validate proposed frameworks
F=Qax N Qs X 65 (2)  accuracy and efficiency by simulation and implementation.
(@© 2015 NSP
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e S e asa crowdsourcing for translating using proposed framework
to validate accuracy and efficiency.

1 4.1 Best distribution
1. \ We begin with experiments on normal distribution data

Al \h\\ sets with values from 20 to 80 and deviation of 10. The
T S results of best distribution experiments are shown in
Figure 5. These result shows that using dynamic
00 programming results makes a significant reduction rather
iy than random distribution. When the number of
workers(n’) is fixed and the number of tasks(m) various,
Fig. 5: The best distribution experiments result the greedy and dynamic method can achieve best
distribution(or almost that). But using the random method
cannot get the proper distribution at any n” and m. In most
cases, we can use the dynamic method for find best
distribution. But when the size of problems is too large to
V0.8 /5006 —a—CV 0.8 W/SDS -~ PY 07 w/s0X using dynamic method, we can use the greedy method for

—&— (V0.7 w/50% —e—CV 0.8 w/40% —a— CV 0.7 w/40%

o the close approximation of the best distribution.

4.2 Plurality voting (PV) vs. Cumulative voting
(CV)

The result of the comparison between PV and CV is
depicted in Figure 6, 7, and 8. In the Figure 6 and 7, PV

% of correct answers

=t g - and CV are compared by five evaluators with precision
: ) ool on the hard evaluation problem, whegg=0.7,0.8. In
addition, for the needed shares to conclude the evaluation,
Fig. 6: The accuracy of jury vs. % of COrTect answers. experiments are conducted by setting 40% (200 points)

and 50% (three votes, 250 points).

——CV % ~—PV08% -e-CV 3 PvOos#
PV 0.8 w/50% —e— CV 0.8 w/50% - -&-- PV 0.7 w/50% 0K o R

—&— (V0.7 w/50% —e— CV 0.8 w/40% —A— CV 0.7 w/40% 1009 45

959

ballot:
¥

* 7% ="

e e 709 15

65% 1
20% 305 20% 50%

06 085 07 0.75 08 0.85 09 095 f sl
of share to win

Fig. 7: The accuracy of jury vs. # of average necessary ballots. Fig- 8: The % of shares to win vs. % of correct answers(solid
line) and # of average necessary ballots(dotted line)

Figure 6 shows that the precision of CV with 50%
We carry out two experimental evaluations by needed share(CV w/50%) is more accurate than that of
simulation: (1) the best distribution experiments result, PV with 50% share(PV w/50%). It shows that CV is more
(2) comparing between Plurality voting (PV) vs. suitable for the hard evaluation problems than PV.
Cumulative voting (CV) and implement web application However, in Figure 6, the number of average necessary

(@© 2015 NSP
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ballots of CV w/50% is greater than that of PV w/50%. In

other words, CV w/50% need more cost for more
accurate decision. However, in Figure 6, although we
reduce the needed share for the CV from 50% to 40%, the : =
rate of correct answer of CV is not decrease as so much :
and it is higher than PV as ever. Also, in Figure 7, the
number of average necessary ballots of CV w/40% is
lower than that of the CV w/50% and even taht of the PV. -
So, we can reduce the cost by reduce the needed shar
when we use the CV. The proposed framework can
determines the CV model according to the average "
accuracy of evaluators and the relative qualities of ot OtinaDsvbuton O Dsbuton et Ot bt ol vt
candidates. Then the framework can predict the expected

rate of correct answers and the necessary ballots(costsyig. 9: Evaluation of crowdsourcing quality using proposed
Adopting this prediction can control the rate of correct framework in real world implementation

answers and the average number of necessary ballots
through the management of needed share for
determination the evaluation result. Figure 8 shows the
result of a comparison between the average necessary We
number of ballots (dotted line) and the ratio of correct
answers(solid line) of CV and PV in accordance with the BLEU point is 5.98. This result is 64% less than other

needed share for determination of evaluatiar=q.9, translation technique using crowdsourcing. It means that
ga=0.8). CV has a higher ratio of correctness than PV at q 9 9-

any needed share, but the necessary cost of CV is als%rowdsourcmg can obtain better quality of translation

higher than that of PV as we seen before. NeverthelessreSUIt than machine translation. We also compare

the decrement of correctness ratio of CV is tolerable, Weproposed task  assignment technique to other

can reduce the needed share rate and cost to focus on tl%owdsourcmg technique. We carry out 4 type of method

target correctness ratio. For example, where the needeté) comparison: random distribution, optimal distribution

share is 50%, the correctness ratio of PV is 88.6% ana0ptimal and real world voting, and optimal distribution

the average number of necessary ballots is 38and ideal voting. Optimal distribution is a technique that
Meanwhile, in CV, where the needed share is 20%, the'© proposed 'using dynamic algorithm to ~assign

correctness ratio is 87.2%, and the average number O?pprop(iate task to worker, a_md voting mgansth'at evaluate
N translation results vote using cumulative voting. ldeal

necessary ballots is 1.9. In conclusion, cumulative votingvOtin is calculate based on assumption that ever
system maintains the correctness ratio by modeling the 9 P y

) : . .. evaluator vote 100% correct, and real voting is the results
\r/glzetisveall;(ljescsgrg?r:g:ln 2 dgitggg;aéo(;(t)rrectness ratio W'ﬂ}hat evaluator vote in.real implemented crowdsourcing
) framework. We confirm that proposed assignment
technique get a higher BLEU point than random
distribution. That is, optimal distribution succeed to get
better translation results by appropriate distributiore W
Oalso compare ideal voting and real voting using optimal
distribution. Real voting using optimal distribution real

compare google translation result to
crowdsourcing translation. Google translation results

4.3 Implementation of propsoed framework

We implement crowdsourcing service using propose
framework to confirm accuracy and efficiency of oting cannot get the same translation quality than ideal
proposed framework. The translation service have beery i 9 but 'tg t bett I'? th y timal

targeted for experiment. We have selected 60 sentence gpung, bu 'Ih can ge h etter | resu an olp ima
CNN News to translate and the number of worker is 16. istribution without voting that evaluate query results.

Our estimation measure is BLEU poi2§] that is used to

estimate quality of machine translation. At first, we

measure BLEU point of workers translation ability using © CONCLUSION

sample sentence that have different level of difficulty. As

a result, the best point of BLEU is 22.08 and the worstIn this paper, we presented a novel framework to improve
point is 8.11, and average point is 12.66. Difficulty of the quality of result in a crowdsourcing environment. This

sentence is also measured using FK&I] By this framework using the best task distribution and cumulative
measurement, the most difficult sentences FKGL point isvoting system for the hard evaluation. As presented in the
18.0 and the least difficult sentences point is 3.1, andexperimental results, we show that we can get the best
average FKGL point is 11.42. And then, we distribute task distribution by dynamic programming and apply

sentences to worker by sentence difficulty and workerscumulative voting system for higher answer rate and

level of translation using proposed framework. lower cost quality evaluation by proposed modeling

Experimental result is shown in Figure 9. method. For the future work, we plan to compare various
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