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ABSTRACT
An essential component of building a successful crowdsourc-
ing market is effective task matching, which matches a given
task to the right crowdworkers. In order to provide high-
quality task matching, crowdsourcing systems rely on past
task-solving activities of crowdworkers. However, the aver-
age number of past activities of crowdworkers in most crowd-
sourcing systems is very small. We call the workers who have
only solved a small number of tasks cold-start crowdwork-
ers. We observe that most of the workers in crowdsourc-
ing systems are cold-start crowdworkers, and crowdsourcing
systems actually enjoy great benefits from cold-start crowd-
workers. However, the problem of task matching with the
presence of many cold-start crowdworkers has not been well
studied. We propose a new approach to address this issue.
Our main idea, motivated by the prevalence of online social
networks, is to transfer the knowledge about crowdworkers
in their social networks to crowdsourcing systems for task
matching. We propose a SocialTransfer model for cold-start
crowdsourcing, which not only infers the expertise of warm-
start crowdworkers from their past activities, but also trans-
fers the expertise knowledge to cold-start crowdworkers via
social connections. We evaluate the SocialTransfer model on
the well-known crowdsourcing system Quora, using knowl-
edge from the popular social network Twitter. Experimen-
tal results show that, by transferring social knowledge, our
method achieves significant improvements over the state-of-
the-art methods.
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Figure 1: Cold-Start Crowdworkers in Quora
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1. INTRODUCTION
The benefits of crowdsourcing have been widely recog-

nized today [26, 27, 1] and we have witnessed many success-
ful systems such as Amazon Mechanical Turk [21] for generic
tasks, LabelMe [11] for image annotation, and Quora [28] for
question answering. As crowdsourcing systems are gaining
more and more popularity, their rapid growth has also made
it increasingly difficult for crowdworkers to find tasks that
are suitable for them to perform in the market.

In this paper, we study the problem of task matching query
in crowdsourcing systems, which is to find the right crowd-
workers to solve a given task. In order to provide high-
quality task matching, crowdsourcing systems rely on histo-
ries of past task-solving activities of crowdworkers. Howev-
er, when new crowdworkers join a system, no prior activity
can be observed. In fact, a vast majority of existing crowd-
workers in a real-life crowdsourcing system, including many
that have joined the system for a relatively long period of
time, do not have sufficient prior task-solving records for
inferring high-quality task matching. To give an example,
we aggregate the question-solving activities of the Quora
crowdworkers in Figure 1(a), from which we can observe
that the participation in the question-answering activities
of most crowdworkers fall into the Long Tail part of the
power-law curve, i.e., the majority of the crowdworkers have
performed less than 10 tasks. These crowdworkers who have



only performed a small number of tasks are called cold-start
crowdworkers.
Interestingly, the crowdsourcing market also enjoys the

great benefits brought by cold-start crowdworkers. We have
observed the excellent performance of cold-start crowdwork-
ers on an extensive number of tasks. We demonstrate the
task performance of the Quora crowdworkers with respect to
the number of task-solving activities in Figure 1(b), where
we use the thumb-ups/downs of users in Quora to measure
the quality of the task performance of crowdworkers. We
can see that a significant number of cold-start crowdwork-
ers attained high scores for their tasks. One explanation
for this phenomenon is that cold-start workers usually par-
ticipate in tasks that they feel confident to solve. Although
cold-start crowdworkers can contribute greatly to the crowd-
sourcing market, automatical and quality task matching for
such crowdworkers is challenging in real-life crowdsourcing
systems due to the lack of information to analyze them.

Social Knowledge for Cold-Start Crowdsourcing. The
classic algorithms [31, 39, 32, 18, 25] mainly focus on task
matching for warm-start crowdworkers who have solved many
tasks. However, the task matching for cold-start crowdwork-
ers still remains a challenging problem.
To attain high-quality task matching, we need to find suffi-

cient knowledge for cold-start crowdworkers, but knowledge
about them in the crowdsourcing system is scarce. Fortu-
nately, in this big data era, we may find other sources to
obtain the required knowledge. In particular, we propose a
novel idea of transferring knowledge from online social net-
works for crowdsourcing task matching. Indeed, with the
prevalence of online social networks today, it is not diffi-
cult to find the activities of crowdworkers, including both
warm-start and cold-start crowdworkers, as well as their con-
nections, in various online social networks (e.g., Facebook,
Twitter, etc.). The crowdworkers broadcast messages, post
blogs, and follow the activities of other users in social net-
works. Thus, a vast amount of data related to crowdworkers,
such as workers’ tweet contents and worker-to-worker so-
cial connection, can be obtained. For example, we observe
that more than one third of the crowdworkers in Quora has
a twitter account and crowdworkers are followed by other
crowdworkers.
How can we transfer rich information hidden in online

social networks to achieve high-quality task matching in
crowdsourcing systems?
We focus on the social activities of the Quora crowdwork-

ers in a popular social networking site, Twitter, and pro-
pose a SocialTransfer graph in order to transfer the social
knowledge of both cold-start and warm-start crowdworkers
to solve task matching. We extract the Twitter accounts
of the crowdworkers from their profiles in the Quora sys-
tem. We mainly utilize two types of social knowledge of
the crowdworkers, namely worker’s tweets and worker-to-
worker social connections. We model the social interests of
the crowdworkers from their tweets and infer the similarity
of the crowdworkers by their worker-to-worker connections.
We illustrate our main idea using an example of a Social-

Transfer graph in Figure 2. We extracted four task match-
ing queries Q = {q1, q2, q3, q4} and five crowdworkers V =
{v1, v2, . . . , v5} from Quora. First, the past task-solving
activities of the crowdworkers on the three task matching
queries are indicated by the edges between queries Q and
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Figure 2: An Example of a SocialTransfer Graph

crowdworkers V in the rectangle on the left in Figure 2.
The quality scores of the answers given by the crowdwork-
ers for each query in Q are shown in Table S. A score of 1
indicates a positive performance of the crowdworker on the
task, while a score of -1 indicates a negative performance of
the crowdworker on the task. The question mark means that
the crowdworker did not participate in the task. The quali-
ty score is based on the thumb-ups and thumb-downs of the
users who posted the tasks or viewed the answers in Quora.
Second, we show the social following relations (in Twitter)
of the crowdworkers in the rectangle on the right in Figure 2.
Each crowdworker in Twitter is associated with the work-
er’s tweets and social relations. A crowdworker can follow
other crowdworkers or other Twitter users. The process of
building a SocialTransfer graph is to construct a heteroge-
nous graph by integrating the social network graph of the
crowdworkers into the task assignment bipartite graph.

The main idea of using a SocialTransfer graph to address
the problem of task matching for cold-start crowdworkers is
as follows. First, for cold-start crowdworkers with sufficient
tweet information, we infer the expertise of the crowdworker-
s for different types of tasks by transferring the knowledge of
the tweets. Second, for cold-start crowdworkers with limit-
ed tweet information, we infer their expertise by transferring
the social knowledge from some warm-start crowdworkers.
For example, v1 is a cold-start crowdworker in Figure 2. A-
part from inferring the expertise of v1 from his tweets, we
can also transfer the knowledge from v3, who is a warm-start
crowdworker, if v1 and v3 share many common followings in
Twitter.
Task Matching for Cold-Start Crowdsourcing. There
exists some work addressing the cold-start problem in user-
item recommendation systems [23, 13, 24, 14, 40, 34, 10,
15]. However, most of them are not applicable in addressing
the problem of task matching in cold-start crowdsourcing.
Even though matching a task to the right crowdworker is
analogous to recommending an item to a user, there are fun-
damental differences between them. First, the existing work
incorporates the social relations of users to recommend the
best item among a set of items to a user. In our work, we
map a question to the right crowdworker but there is no
relation among the questions; thus, the existing cold-start
recommendation techniques cannot be applied to solve our
problem. Second, existing recommendation techniques focus
on recommending existing items to users, while task match-



ing in crowdsourcing aims to find the right crowdworkers to
solve new tasks.
The main contributions of our work are summarized as

follows:

• We propose a new approach to address the problem of
task matching in cold-start crowdsourcing by transfer-
ring the knowledge embedded in online social networks
to crowdsourcing systems.

• We develop a SocialTransfer model for Cold-start crowd-
sourcing (STC) that not only infers the expertise of
the warm-start crowdworkers, but also transfers the
knowledge to the cold-start crowdworkers via social
connections.

• We devise an efficient inference algorithm to build our
STC model and propose a task matching algorithm in
crowdsourcing systems based on STC.

• We evaluate the proposed SocialTransfer model on a
real-life crowdsourcing system Quora. We demonstrate
that, by transferring social knowledge, our approach
effectively addresses the task matching problem in cold-
start crowdsourcing and significantly outperforms the
state-of-the-art task matching techniques.

The rest of the paper is organized as follows. Section 2
introduces the notations and formulates the problem. We
propose a novel model that transfers social knowledge for
cold-start crowdsourcing in Section 3. We report the exper-
imental results in Section 4 and survey the related work in
Section 5. We conclude the paper in Section 6.

2. NOTATIONS AND PROBLEM DEFINITION
We first define some frequently used notations and then

formulate the problem of task matching in crowdsourcing
systems. The summary of the notation is given in Table 1.

Definition 1. (Task Matching Queries Q) The set Q
contains a collection of existing processed task matching queries
in a crowdsourcing system. We denote by Q the set {q1, q2,
. . ., qM}, where qi is a task matching query and M is the
number of queries. For each query qi, we denote its related
task description by wqi , which is a bag of words.

For example, the description of a task matching query in
Quora can be a posted question, while the description of a
query in Amazon Mechanical Turk can be several instruc-
tions.

Definition 2. (Crowdworkers V ) The set V consists of
all the crowdworkers in a crowdsourcing system. We denote
by V the set {v1, v2, . . . , vN}, where vi is a crowdworker and
N is the number of crowdworkers.

Definition 3. (Task Matching Graph GQ) The bipartite
task matching graph, GQ = (Q

⋃
V,A), stores the existing

matchings of queries Q and crowdworkers V in a crowd-
sourcing system. The set of vertices, Q

⋃
V , is the union of

queries and crowdworkers. The set of edges, A, is the set of
matchings between queries in Q and crowdworkers in V .

For example, the graph GQ for the matchings between
queries Q = {q1, q2, q3, q4} and crowdworkers V = {v1, v2,
. . ., v5} is given in Figure 2. The edge A(qi,vj) = 1 if the
task in query qi is assigned to crowdworker vj , otherwise
A(qi,vj) = 0.

Table 1: Definition of Notations
Group Notation Notation Description

Data

GST A SocialTransfer graph
Q = {qi}Mi=1 Matching query set
V = {vi}Ni=1 Crowdworker set
A = {A(qi,vj)} Task matchings
S = {S(qi,vj)} Feedback scores
B = {B(vi,vj)} Common followings
W Words in queries and tweets

Model

Dir(·) Dirichlet distribution
Mult(·) Multi-nomial distribution
N(·) Normal distribution−→
Q = {−→qi }Ni=1 Latent query factor−→
V = {−→vi}Mi=1 Latent crowdworker factor
Θ = {θV , θQ} Topic proportions
Z = {ZV , ZQ} Topic assignments
λB , λV Priors

Definition 4. (Feedback Score S) The scores S are the
feedbacks given by users and are used for measuring the
quality of the tasks performed by crowdworkers. For each
task matching (qi, vj) in graph GQ, there is a feedback score
S(qi,vj) for it.

The feedback score S can be the satisfactory rate of the
task sponsor (i.e. S(qi,vj) ∈ [0, 1]) in Amazon Mechanical
Turk or the thumb-ups/downs for the answers by crowd-
workers in Quora (i.e. S(qi,vj) ∈ Z).

Let F (vi) be the set of followings of a crowdworker vi in
a social network, i.e., the user vi follows the set of users in
F (vi) in the social network.

Definition 5. (Social Graph GV ) The social graph GV =
(V,B) stores the activities of crowdworkers in a social net-
work such as workers’ tweet content and worker-to-worker
social connection. For each crowdworker vi ∈ V , we denote
its tweet content by wvi , which is a bag of words. For each
edge (vi, vj) ∈ B, it indicates that crowdworkers vi and vj
share some common followings in the social network, i.e.,
F (vi)

⋂
F (vj) �= ∅. We set the weight of the edge (vi, vj)

to be
|F (vi)

⋂
F (vj)|

|F (vi)
⋃

F (vj)| , i.e., the ratio of the common followings

between vi and vj to their total followings in the social net-
work.

Note that the weight of the edges in B is within the range
[0, 1].

Now, we introduce a SocialTransfer graph that transfers
the social knowledge of crowdworkers in a social network to
address the cold-start crowdsourcing problem, in order to
improve the quality of task matching.

Definition 6. (SocialTransfer Graph GST ) The Social-
Transfer graph GST = (Q

⋃
V,A

⋃
B) models the activities

of crowdworkers in both the task matching graph GQ and
the social graph GV . The set of vertices in GST is the union
of the existing task matching queries Q and crowdworkers
V . The set of edges in GST contains both the set of exist-
ing matchings modeled in A and the set of pairwise common
followings of crowdworkers modeled in B.

Note that GST is not (and need not be) a tripartite graph,
though we show a tripartite graph for the example in Fig-
ure 2 for simplicity of discussion there.



We now define the problem as follows.

Problem 1. (Task Matching Query in Cold-Start Crowd-
sourcing) Consider a crowdsourcing system with many cold-
start crowdworkers and a SocialTransfer graph GST = (Q

⋃
V ,

A
⋃

B). Given a new task matching query q, find the crowd-
workers with high predicted feedback score to solve the given
task.

3. SOCIALTRANSFER MODEL
In this section, we propose our model, STC, to tackle the

problem of task matching in cold-start crowdsourcing. We
first introduce the background of task matching in crowd-
sourcing and present the idea of transferring social knowl-
edge for cold-start crowdsourcing. Then, we summarize our
proposed STC model and devise an effective inference al-
gorithm to build STC model. Finally, we present a task
matching algorithm in crowdsourcing.

3.1 Background of Task Matching
We first give the definitions of latent query factor and

latent crowdworker factor for task matching queries
−→
Q and

crowdworkers
−→
V . Then, we propose a score generative mod-

el for the already processed tasks based on latent query fac-
tor and latent crowdworker factor.

Definition 7. (Latent Query Factor) Given the dimen-
sion of latent space K, the latent factor of the queries in
crowdsourcing systems is denoted by a K-dimensional vec-
tor of real values. For each task matching query qi ∈ Q,
we denote by −→qi the latent query factor, which is given by

−→qi =

⎛
⎝

qi,1
. . .
qi,K

⎞
⎠ ∈ RK .

In this paper, we consider that the prior distribution of the
latent query factor is based on the latent topic of the task
description wq. We employ a well-known latent Dirichlet
allocation (LDA) [2] to discover the latent topic of the task
description, for which we choose the normal distribution for
the prior distribution of latent query factor, given by

−→qi ∼ N(θqi , λ
−1
Q ),

where N(·) is a multivariate normal distribution and θqi is
the latent topic of question qi. We consider that θqi is its
mean and λ−1

Q is standard deviation.

Definition 8. (Latent Crowdworker Factor)The latent fac-
tor of the crowdworkers in crowdsourcing systems is denoted
by a K-dimensional vector of real values. For each crowd-
worker vj ∈ V , we denote by −→vj the latent crowdworker fac-

tor, which is given by −→vj =

⎛
⎝

vj,1
. . .
vj,K

⎞
⎠ ∈ RK .

We also choose the normal distribution as the prior for
latent crowdworker factor. For the crowdworkers with ac-
tivities in social networks, the prior distribution of them is
given by

−→vj ∼ N(θvj , λ
−1
V ), (1)

where θvj is the latent topic of vj ’s tweets and λ−1
V is stan-

dard deviation. For other crowdworkers without activities,

the prior distribution of them is given by

−→vj ∼ N(0, λ−1
V ).

Using the definitions of latent query factor and latent
crowdworker factor, we introduce the score generative model
for processed tasks below.

Definition 9. (Score Generative Model)Given latent query

factor
−→
Q and latent crowdworker factor

−→
V , the feedback s-

core on processed tasks is given by

S ∼ N(
−→
QT−→V , λ−1

S )

where N(·) is a multivariate normal distribution with mean−→
QT−→V and standard deviation λ−1

S .

For the score of each processed task (qi, vj), we consider
that its feedback score is generated by

S(qi,vj) ∼ N(−→qi T−→vj , λ−1
S ) = N(

K∑
k=1

qi,kvj,k, λ
−1
S ). (2)

We now justify the score generative model as follows: We
generate the latent query factor by the latent topic of the
task description and the latent crowdworker factor by the
latent topic of workers’ tweets. Thus, we consider that
the latent crowdworker factor is the topical expertise of the
crowdworkers. Therefore, the score of the processed task is
proportional to the dot-product of latent query factor and
latent crowdworker factor.

3.2 Knowledge Transfer via Social Network
We now introduce the idea of transferring social knowl-

edge to improve the inference of latent crowdworker factor.
We mainly utilize two types of social knowledge, workers’
tweets and worker-to-worker social connections.

We consider that the latent topic of workers’ tweets rep-
resents the topical interests of the crowdworkers. For the
cold-start crowdworkers, it is difficult to infer the laten-
t crowdworker factor from their few task-solving activities
in crowdsourcing systems. Thus, we transfer the discov-
ered topical interests as an external source to improve the
inference quality of the latent factor of the cold-start crowd-
workers by Formula 1.

We also notice that the crowdworkers with similar topical
interests have a lot of common following users or entities in
social networks. Therefore, we utilize the common followings
of the crowdworkers to regularize the inference of topical
interests.

Consider two crowdworkers vi and vj in a social net-
work. If both of them follow a number of common follow-
ings (i.e., the weight of the edge (vi, vj), B(vi,vj), in the
social graph GV is large), then their topic interests are sim-
ilar (i.e., |θvi − θvj | is small). Based on this assumption, we
propose a prior distribution for the topic interests of crowd-
workers with social regularization, which is a product of the
Dirichlet distribution and the Normal distributions. The
prior distribution for the topic interests of crowdworker vi
is given by

θvi ∼ Dir(α) ·
∏
j �=i

N(θvi − θvj |0, B−1
(vi,vj)

)λB , (3)

where the product of normal distributions of the topic inter-
ests of crowdworker vi and other crowdworkers vj are used
for regularization.
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3.3 Summary of STC Model
In this subsection, we present the generative process for

STC model. The graphical representation of STC is given
in Figure 3.
We notice that the contents of task matching queries and

tweets are essentially represented by different kinds of lan-
guages. The study [8] shows that the words in task matching
queries are formal, while the words in tweets are short, infor-
mal and abbreviated vocabularies. Particularly, tweets and
task matching queries often have different words to describe
the same topic. Therefore, we devise a dual language mod-
el for task matching queries and tweets based on different
topic-word distributions βq and βv, respectively.
Referring to Figure 3, the generative process for the words

in questions and tweets, latent query factor
−→
Q , latent crowd-

worker factor
−→
V , and the feedback score for task-solving ac-

tivities S in STC is described as follows.

1. For each task matching query q:

(a) Draw topic proportions θq ∼ Dir(α)

(b) For each word wq,j ∈ wq

i. Draw a topic assignment zq,j ∼Mult(θq)

ii. Draw a word wq,j ∼Mult(βq
zq,j )

(c) Draw latent query factor −→q ∼ N(θq, λ
−1
Q )

2. For each crowdworker v:

(a) Draw topic proportions θv by Equation 3

(b) For each word wv,j ∈ wv

i. Draw a topic assignment zv,j ∼Mult(θv)

ii. Draw a word wv,j ∼Mult(βv
zv,j

)

(c) Draw latent crowdworker factor −→v ∼ N(θv, λ
−1
V )

3. For each task matching (q, v) in the processed task:

(a) Draw feedback score S(q,v) ∼ N(−→q T−→v , λ−1
S )

3.4 Inference Algorithm
In this section, we propose an inference algorithm that

infers the latent query factor
−→
Q , latent crowdworker factor−→

V , topic-word distributions βq and βv in STC.

Based on the generative process of STC, the joint distri-
bution over feedback score S, topic proportions Θ, latent

query factor
−→
Q and latent crowdworker factor

−→
V can be

factorized, which is given by

p(S,
−→
V ,
−→
Q,Θ, Z,W |λ−1

S , λ−1
V , λ−1

Q , λ−1
B , α, β,A,B)

= p(θQ|α)p(θV |α,B)p(Z|Θ)p(W |Z, β)p(−→V |θV , λ−1
V )

× p(
−→
Q |θQ, λ−1

Q )p(S|−→Q,
−→
V ,A, λ−1

S )

where

p(θQ|α) =
∏
θq

Dir(α)

p(θV |α,B) =
∏
θv

Dir(α)

×
∏

vi,vj∈V

N(θvi − θvj |0, B−1
(vi,vj)

)λB

p(Z|Θ) =
∏

l∈{v,q}

∏
zl,j∈Z

Mult(θl)

p(W |Z, β) =
∏

l∈{v,q}

∏
wl,i∈W

∏
wl,j∈wl

βl
zl,j ,wl,j

p(
−→
Q |θQ, λ−1

Q ) =
∏

−→qi∈
−→
Q

N(−→qi |θqi , λ−1
Q )

p(
−→
V |θV , λ−1

V ) =
∏

−→vi∈
−→
V

N(−→vi |θvi , λ−1
V )

p(S|−→Q,
−→
V ,A, λ−1

S ) =
∏

A(qi,vj)
=1

N(S(qi,vj)|−→qi T−→vj , λ−1
S )

We solve the inference problem, by finding a maximum
a posterior (MAP) configuration of the latent query factor−→
Q and latent crowdworker factor

−→
V conditioning on the

feedback score S, and the words in queries and tweets W .
That is, we aim to find

(
−→
Q∗,
−→
V ∗)

= argmax−→
Q,

−→
V

p(
−→
Q,
−→
V |S,W,A,B, λ−1

S , λ−1
Q , λ−1

V , λ−1
B , α, β) (4)

Maximization a posterior configuration is equivalent to

maximizing the complete log likelihood
−→
Q and

−→
V , given by

L = −λV

2

∑
vi∈V

(−→vi − θvi)
T (−→vi − θvi)

− λQ

2

∑
qj∈Q

(−→qj − θqj )
T (−→qj − θqj )

+
∑

l∈{v,q}

∑
wl∈W

∑
zl,j∈zl,wl,j∈wl

log(

K∑
k=1

θl,kβzl,j=k,wl,j )

− λB

2

∑
vj �=vi

B(vi,vj)(θvi − θvj )
T (θvi − θvj )

− λS

2

∑
A(qi,vj)

=1

(S(qi,vj) −−→qi T−→vj )2 (5)

where we omit the constant terms and set the prior param-
eters α to a vector of 1.



Algorithm 1 Task Matching Query Processing Algorithm

Input: A task matching query q, word distribution βq and
crowdworkers V
Output: A ranking of crowdworkers V ′

1: Set θq ∝ Uniform distribution
2: for t : 1→ τmax do
3: for each word wqj ∈ wq do
4: for k : 1→ K do
5: Estimate variational parameter φqj,k ∝ θqβ

q
k,wqj

6: Sample θq ∝∏I
j=1

∑K
k=1 θqkφqj,k

7: Estimate the latent query factor q ∼ N(θq, λ
−1
Q )

8: Rank crowdworkers based on the relevance
9: return A ranking of crowdworkers V ′

Then, we infer the latent crowdworker factor
−→
V , the latent

query factor
−→
Q , the latent topics of tweets, task matching

queries Θ and word distributions βV , βQ. We estimate these
parameters by taking the derivative of the complete log like-
lihood L in Equation 5 and set it to zero.

We first report the inference of latent query factor
−→
Q and

latent crowdworker factor
−→
V , which is given by

−→vi ← (λS
−→
Q
−→
QT + λV IK)−1(λS

−→
QSvi + λV θvi)

∼ −→
QSvi +

λV

λS
θvi (6)

−→qj ← (λS
−→
V
−→
V T + λQIK)−1(λS

−→
V Sqj + λQθqj )

∼ −→
V Sqj +

λQ

λS
θqj (7)

where Sqi is a diagonal matrix of the feedback scores for the
workers on query qi and Svj is also a diagonal matrix of the
feedback scores for all tasks done by worker vj .
We now justify the estimation of latent crowdworker factor

and latent query factor as follows. The inference of latent
crowdworker factor −→v is based on both its topical interests
from the tweets θv and the latent factor of matched queries−→
QSv for worker v. Similarly, the inference of latent query
factor −→q is based on the latent topic from this query θq and
the latent factor of the crowdworkers worked for this query−→
V Sq.
We then present the inference for the topical interests of

crowdworkers θV , latent topics of the task matching queries
θQ, word distributions βV and βQ, respectively. Unfortu-
nately, we find that it is difficult to directly take the deriva-
tive for the complete log likelihood L with respect to θV
and θQ, due to the decoupling between word distributions
βV , βQ and topic assignment Z. To tackle this problem, we
introduce a new variational parameter Φ for topic assign-
ment Z and derive a lower bound, denoted by L′. We then
estimate the parameters θQ, θV , Φ, βV and βQ on L′.
We derive the lower bound L′(θvi) with respect to the

topical interests of crowdworkers θvi by Jensen’s Inequality.
The derivation for the lower bound L′(θqj ) with respect to
the latent topic of queries θqj is similar to the derivation of
L′(θvi). The derivation of L′(θvi) is given by

L′(θvi) ≥ −λV

2
(−→vi − θvi)

T (−→vi − θvi)

−
∑

wvi,j
∈wvi

K∑
k=1

φvi,j,k log φvi,j,k

+
∑

wvi,j
∈wvi

K∑
k=1

φvi,j,k log(θvi,kβ
V
zvi,j=k,wvi,j

)

− λB

2

∑
vj :vj �=vi

B(vi,vj)(θvi − θvj )
T (θvi − θvj ) = L′(θvi).

We estimate the parameters φ and βV by taking the deriva-
tive of L′ with respect to them. Therefore, we report the
inference of the parameters φvi,j,k and βV

k,w by

φvi,j,k ∝ θvi,kβk,wvi,j
(8)

βk,w ∝
∑

wvi
∈W

∑
wvi,j

∈wvi

φvi,j,k1[wvi,j = w] (9)

We estimate the topical interests of crowdworkers θV and
the latent topics of task matching queries θQ by using the
root finding algorithm in numerical optimization tools1.

3.5 Task Matching Algorithm on STC
We propose a task matching query processing algorithm

based on our STC model in Algorithm 1. That is, given a
new task matching query q, we aim to find the right crowd-
workers to solve this task. Algorithm 1 first estimates the
latent topic and topic assignments of query q alternatively.
After that, Algorithm 1 samples the latent query factor −→q
from its latent topic θq. Finally, we choose the crowdwork-
ers based on the relevance between the latent crowdworker
factor

−→
V and the latent query factor −→q , (i.e.

−→
V T−→q ).

4. EXPERIMENTAL EVALUATION
The main goal of this experimental evaluation is to vali-

date the effectiveness of our proposed STC model. To show
its competitive performance, STC is compared with other
four state-of-the-art approaches for task matching in crowd-
sourcing systems, such as Vector Space Model (VSM) [31],
AuthorityRank [3], Dual Role Model (DRM) [31] and Topic
Sensitive Probabilistic Model (TSPM) [39]. We implement-
ed our algorithm in C++ and tested on machines with Lin-
ux OS Intel(R) Core(TM2) Quad CPU 2.66Hz, and 32GB
RAM.

4.1 Experimental Setup

4.1.1 Datasets
We first collect the data from a popular crowdsourcing

system, Quora. Quora is a question-and-answer website
where questions are posted and answered by its community
of crowdworkers. Quora was launched to the public in June,
2010 and has become very successful in just a few years.
We first crawled the questions posted between September
2012 and August 2013, and then crawled all the workers
who answered these questions. In total, we collect 444,138
questions, 95,915 crowdworkers, 887,771 answers. We then
collect the data of the social activities of all 95,915 users in

1http://www.gnu.org/software/gsl/



Table 2: Summary of Datasets
Dataset #Questions Average #Answers

Q1 444k 2
Q2 178k 3.5
Q3 86k 5.0
Q4 48k 6.7
Q5 30k 8.3
Q6 20k 10.0

Twitter, which are users’ tweets and following relationship.
In total, we collect 29 million following users and 20GB of
tweets of the crowdworkers in Twitter.
We first split the already answered questions in Quora in-

to a training dataset and a testing dataset. We split the
answered questions into six groups: Q1, Q2, . . ., Q6, based
on the number of collected answers, i.e., group Q1 contains
the questions with at least one answer. For each group Qi,
we randomly sample 100 questions as testing dataset, denot-
ed by Q′

i. In total, we have 600 testing questions. We then
keep the remaining questions in groups Q1, Q2, . . ., Q6 as
training datasets. Thus, we have generated a pair of training
and testing datasets. In this experimental study, we gener-
ate ten pairs of training and testing datasets to evaluate the
performance of the algorithms. We take the average of the
experimental results of these algorithms on the ten pairs of
datasets. The summary of the datasets is given in Table 2.

4.1.2 Measurements
We assess the performance of the task matching algo-

rithms based on three measurements: Precision, Recall
and Cold-Start Rate.
Precision. We employ two measurementsAccu andAccuTop1

to evaluate the performance of different algorithms to rank
the crowdworkers who answered the questions. For each
question, we consider that the crowdworker whose answer
receives the highest thumb-ups is the best answerer. Both
Accu and AccuTop1 evaluate the ranking quality of the best
answerer by different algorithms (i.e. whether the best an-
swerer can be ranked on top), which are also widely used
in [31, 39] for task matching.
Given a question q, we denote by Rq

V the ranking of the
crowdworkers who answered this question. We consider that
|Rq

V | is the number of the crowdworkers in the ranking Rq
V .

We denote by rqbest the rank of the best answerer for question
q by an algorithm, which is given by

Accu =
∑
q∈Q′

|Rq
V | − rqbest − 1

(|Rq
V | − 1)|Q′| ,

where Q′ is the set of testing questions. Accu illustrates the
average ranking position of the best answerer by an algorith-
m, where Accu = 1 (best) means the best answerer returned
by the algorithm always ranks first while Accu = 0 means
the opposite.
We also propose AccuTop1 to validate whether the best

answerer is ranked on top, which is given by

AccuTop1 =
|{q ∈ Q′|rqbest ≤ 1}|

|Q′| .

Recall. We employ the measurement RecallTopK to e-
valuate the ranking quality for all crowdworkers in crowd-
sourcing systems by an algorithm. Given a question q, we

denote by Rq
TopK the set of crowdworkers ranked on TopK

by the algorithms. The measurement RecallTopK is given
by

RecallTopK =
|{q ∈ Q′|v ∈ Rq

TopK , Aq,v = 1}|
|Q′| .

Cold-Start Rate. We also investigate the types of the
crowdworkers returned by an algorithm (i.e. cold-start crowd-
workers or warm-start crowdworkers). In this experimental
study, we consider the crowdworker who answered less than
τ = 25 questions as cold-start crowdworkers. We propose
the measurement Cold-Start Rate to illustrate the type of
the crowdworkers ranked on top, which is given by

Cold-Start Rate =
|{q ∈ Q′|v ∈ Rq

Top1,
∑

q∈Q Aq,v ≤ τ}|
|Q′| ,

where Rq
Top1 is the set containing the crowdworker ranked

the top.

4.2 Performance Results
We first compare the effectiveness of STC with the state-

of-the-art methods on the six groups of testing questions.
Next, we study the impact of various model parameters on
STC model: dimension of latent space K, social regular-
ization λB , and other model parameters λV and λQ, respec-
tively. Then, we illustrate the time cost of building our STC
model.

4.2.1 Performance Comparison
We compare STC with VSM, AuthorityRank, DRM and

TSPM on six groups of queries and the results are presented
in Figures 4(a) to 4(d).

We illustrate the Cold-Start Rate of the returned crowd-
workers by all algorithms in Figure 4(a). The result shows
that the rate of all the algorithms drops from Q′

1 to Q′
6.

This is because the warm-start crowdworkers prefer solving
common tasks to special tasks. We also find that the Cold-
Start Rate of the crowdworkers found by STC is around 10%
to 20% higher than other algorithms. The selection of the
cold-start crowdworkers to solve the tasks is attributed to
the effect of the knowledge transfer of STC.

Now, we show the benefits of the knowledge transfer of
STC for cold-start crowdworkers using the measurements
Accu, AccuTop1 and RecallTopK . We find that the perfor-
mance of task matching can be greatly improved by STC.

Our STC has the excellent performance on both precision
measurements: Accu and AccuTop1, for all the six groups of
task matching queries. As shown in Figures 4(b) and 4(c),
the performance of STC is 5% to 10% better than all the oth-
er algorithms. We notice that there is a number of cold-start
crowdworkers having excellent performance on an extensive
number of tasks in crowdsourcing systems. Using STC, the
latent factor of cold-start crowdworkers can be inferred by
knowledge transfer. Unlike the other classical algorithms,
the high-quality cold-start crowdworkers can also be select-
ed by STC to solve the tasks. Therefore, the precision of
task matching is substantially improved.

The STC also greatly improves the performance of task
matching in terms ofRecallTopK . Figure 4(d) shows that the
recall of task matching is improved by 10% to 20% by STC.
We find that the existing algorithms mostly select warm-
start crowdworkers for solving the tasks. However, there
is a significant number of the tasks that can be solved by
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Figure 5: Impact of Parameter K

cold-start crowdworkers. However, the existing algorithms
do not select these cold-start crowdworkers who solve the
tasks well. On the other hand, STC infers the latent factor
of cold-start crowdworkers by knowledge transfer and can
select both high-quality cold-start crowdworkers and warm-
start crowdworkers to solve the tasks. Thus, the recall of
the task matching is also improved.

4.2.2 Impact of Model Parameters
We investigate the impact of various model parameters

including dimension of latent space K, social regularization
λB , parameters λV and λQ for latent crowdworker factor
and latent query factor, respectively.
Dimension of latent space K. We study the impact

of dimension of latent space on the performance of STC by
varying K from 10 to 50, which is illustrated in Figures 5(a)
to 5(d). Figure 5(a) shows the Cold-Start Rate of the re-
turned crowdworkers by STC increases by 5% to 10% and
then becomes convergent with respect to the dimension of
latent space. By increasing the dimension of latent space,
more knowledge is transferred from warm-start crowdwork-
ers to cold-start crowdworkers. Figures 5(b) and 5(c) illus-
trate that the accuracy increases by 1% to 3% by varying
the parameter K and then converges. We conclude that the
setting K = 50 is good enough to represent the latent fac-
tor of crowdworkers and queries. We notice that the recall
increases significantly by 10% to 20% with respect to param-
eter K in Figure 5(d). By transferring more knowledge to
the cold-start crowdworkers, both cold-start crowdworkers
and warm-start crowdworkers can be selected to solve the
tasks such that the recall is greatly improved.
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Social regularization λB. We investigate the impact
of the social regularization λB on the performance of STC,
which is illustrated in Figures 6(a) to 6(d). We vary the
value of the regularization term λB from 0.01 to 1000. The
Cold-Start Rate of the crowdworkers selected by STC first
increases and then becomes convergent in Figure 6(a). The
larger the parameter λB becomes, the more knowledge is
transferred to the cold-start crowdworkers. Thus, more cold-
start crowdworkers are selected for solving the tasks. The
performance of STC is first improved but then declines with
respect to λB on Accu, AccuTop1 and RecallTop100 in Fig-
ures 6(b) to 6(d). The inference of latent crowdworker fac-
tor by STC is based on both past task-solving activities in
crowdsourcing systems and the activities of the crowdwork-
ers in social networks. When the social regularization term
λB is small, the knowledge transfer improves the perfor-
mance of inferring the latent crowdworker factor. When the
value of social regularization term λB becomes large, the
inference of latent crowdworker factor is dominated by the
activities of the crowdworkers in social networks. Thus, the
performance of STC declines. To balance the inference from
both past task-solving activities and social activities, we set
the value of λB as a new regularization term.

Impact of Parameters λV and λQ. We study the im-
pact of parameters λV and λQ on the performance of STC
by varying λV and λQ from 0.01 to 1000 and the results
are presented in Figures 7(a) to 7(d). The Cold-Start Rate
does not vary for the parameters λV and λQ and hence the
result is omitted. We observe that the performance of STC
declines with respect to the large value of both parameters
in Figures 7(a) to 7(d), which is similar to the effect of pa-
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Figure 8: Time Cost of Building STC Model

rameter λB . Therefore, we also set the value of λV and λQ

as new regularization terms.
We remark that the overall performance of STC with three

new regularization terms can also be improved by 5%, 5%
and 10% on Accu, AccuTop1 and RecallTop100, respectively.

4.2.3 Running Time
We first study the running time of building our STC model

on the convergence of model inference. We then investigate
the time cost of model inference with respect to different di-
mensions of latent space K. We set the convergence thresh-
old ε to 10−5 for inferring STC model. Figure 8(a) shows
that the inference of STC model with latent space K = 10
converges after 20th iteration. Figure 8(b) illustrates that
the time cost of inferring STC model scales linearly with
respect to the dimensions of latent space K. Thus, it is ef-
ficient to build STC model on real crowdsourcing platforms
such as Quora. After inferring the STC model, the time
cost for matching the right crowdworkers can be computed
in real time.

5. RELATED WORK
In this section, we briefly review some related work on

crowdsourcing, transfer learning in the literature.
Crowdsourcing. Crowdsourcing has been widely used

to solve challenging problems by human intelligence in com-
prehensive areas. Some successful applications that appear
include CrowdDB [5] and CDAS [16].
Recently, the crowdsourcing techniques have been applied

in several research areas such as database management, ma-
chine learning and information retrieval. The crowdsourc-
ing techniques on entity resolution were studied in [29, 30].

CrowdScreen [22] applied the crowdsourcing techniques in
decision making. Guo et al. [7] studied the problem of
finding maximum element in the crowdsourcing databas-
es. In [4], Davidson et al proposed the top-k and group-
by queries on crowdsourcing databases. Kaplan et al [9]
aimed to select the right question for planing queries. Mar-
cus et al [17] studied the count query with the crowd. Gao
et al [6] proposed crowdsourcing based online algorithm to
find the ground truth. Zhao et al [35, 36] proposed crowd-
selection to find the right workers to answer the questions.
The work [12, 33, 20] proposed the assignment algorithms
for tagging based on crowdsourcing platform.

Transfer Learning. Transfer learning techniques tackle
the problem of data sparsity in the target domain by trans-
ferring supervised knowledge from other related domains,
which achieve great success in a lot of applications such as
classification, clustering.

Recently, Zhong et al. developed techniques [37, 38] that
borrow the knowledge from the auxiliary historical activities
of users in multiple networks to predict the user behavior in
a target network. Mo et al. proposed cross-task crowdsourc-
ing method [19] that transfers the knowledge cross different
tasks. However, their approaches are difficult to be applied
to task matching for cold-start crowdsourcing since the to-
tal number of auxiliary crowdworker activities is limited. In
this work, we enrich the profile of cold-start crowdworkers
by external knowledge transfer.

6. CONCLUSIONS
We studied the problem of task matching for cold-start

crowdsourcing by transferring knowledge from social net-
works to crowdsourcing systems. We developed a Social-
Transfer graph to capture the relations between tasks, crowd-
workers and social networks. We then proposed a Social-
Transfer model for cold-start Crowdsourcing called STC.
The model not only infers the latent factor of warm-start
crowdowrkers from their past task-solving activities, but al-
so transfers the knowledge from warm-start crowdworkers to
cold-start crowdworkers via social networks. We evaluated
the performance of STC on the popular crowdsourcing sys-
tem Quora for question-answering, by transferring knowl-
edge from Twitter. Our results show that compared with
four state-of-the-art methods for task matching in crowd-
sourcing systems, STC selects more cold-start crowdworkers
who are the best crowdworkers to solve the given tasks, and
STC improves both the precision and recall of task match-
ing. The results confirm that our approach effectively finds
the high-quality cold-start as well as warm-start crowdwork-
ers for crowdsourcing tasks.

Acknowledgments. We thank the reviewers for giving
us many constructive comments, with which we have sig-
nificantly improved our paper. This research is supported
in part by SHIAE Grant No. 8115048, MSRA Grant No.
6903555, and HKUST Grant No. FSGRF13EG22.

7. REFERENCES
[1] Y. Baba and H. Kashima. Statistical quality

estimation for general crowdsourcing tasks. In KDD,
pages 554–562. ACM, 2013.

[2] D. M. Blei, A. Y. Ng, and M. I. Jordan. Latent
dirichlet allocation. the Journal of machine Learning
research, 3:993–1022, 2003.



[3] M. Bouguessa, B. Dumoulin, and S. Wang. Identifying
authoritative actors in question-answering forums: the
case of yahoo! answers. In SIGKDD, pages 866–874.
ACM, 2008.

[4] S. B. Davidson, S. Khanna, T. Milo, and S. Roy.
Using the crowd for top-k and group-by queries. In
Proceedings of ICDT, pages 225–236. ACM, 2013.

[5] M. J. Franklin, D. Kossmann, T. Kraska, S. Ramesh,
and R. Xin. Crowddb: answering queries with
crowdsourcing. In Proceedings of SIGMOD, pages
61–72. ACM, 2011.

[6] J. Gao, X. Liu, B. C. Ooi, H. Wang, and G. Chen. An
online cost sensitive decision-making method in
crowdsourcing systems. In SIGMOD, 2013.

[7] S. Guo, A. Parameswaran, and H. Garcia-Molina. So
who won?: dynamic max discovery with the crowd. In
Proceedings of SIGMOD, pages 385–396. ACM, 2012.

[8] L. Hong, G. Convertino, and E. H. Chi. Language
matters in twitter: A large scale study. In ICWSM,
2011.

[9] H. Kaplan, I. Lotosh, T. Milo, and S. Novgorodov.
Answering planning queries with the crowd.

[10] Y. Koren. Factorization meets the neighborhood: a
multifaceted collaborative filtering model. In
SIGKDD, pages 426–434. ACM, 2008.

[11] Labelme. http://labelme.csail.mit.edu/.

[12] S. Lei, X. S. Yang, L. Mo, S. Maniu, and R. Cheng.
itag: Incentive-based tagging. In ICDE, pages
1186–1189. IEEE, 2014.

[13] W.-J. Li and D.-Y. Yeung. Relation regularized matrix
factorization. In IJCAI, pages 1126–1131, 2009.

[14] J. Lin, K. Sugiyama, M.-Y. Kan, and T.-S. Chua.
Addressing cold-start in app recommendation: Latent
user models constructed from twitter followers. 2013.

[15] N. N. Liu, X. Meng, C. Liu, and Q. Yang. Wisdom of
the better few: cold start recommendation via
representative based rating elicitation. In RecSys,
pages 37–44. ACM, 2011.

[16] X. Liu, M. Lu, B. C. Ooi, Y. Shen, S. Wu, and
M. Zhang. Cdas: a crowdsourcing data analytics
system. Proceedings of PVLDB, 5(10):1040–1051,
2012.

[17] A. Marcus, D. Karger, S. Madden, R. Miller, and
S. Oh. Counting with the crowd. In VLDB, pages
109–120. VLDB Endowment, 2012.

[18] D. Mimno and A. McCallum. Expertise modeling for
matching papers with reviewers. In KDD, pages
500–509. ACM, 2007.

[19] K. Mo, E. Zhong, and Q. Yang. Cross-task
crowdsourcing. 2013.

[20] L. Mo, R. Cheng, B. Kao, X. S. Yang, C. Ren, S. Lei,
D. W. Cheung, and E. Lo. Optimizing plurality for
human intelligence tasks. In CIKM, pages 1929–1938.
ACM, 2013.

[21] Mturk. https://www.mturk.com/.

[22] A. G. Parameswaran, H. Garcia-Molina, H. Park,
N. Polyzotis, A. Ramesh, and J. Widom. Crowdscreen:
Algorithms for filtering data with humans. In
Proceedings of SIGMOD, pages 361–372. ACM, 2012.

[23] S.-T. Park and W. Chu. Pairwise preference regression
for cold-start recommendation. In RecSys, pages
21–28. ACM, 2009.

[24] S. Purushotham, Y. Liu, and C.-C. J. Kuo.
Collaborative topic regression with social matrix
factorization for recommendation systems. arXiv
preprint arXiv:1206.4684, 2012.

[25] F. Riahi, Z. Zolaktaf, M. Shafiei, and E. Milios.
Finding expert users in community question
answering. In WWW, pages 791–798. ACM, 2012.

[26] V. S. Sheng, F. Provost, and P. G. Ipeirotis. Get
another label? improving data quality and data
mining using multiple, noisy labelers. In KDD, pages
614–622. ACM, 2008.

[27] Y. Tian and J. Zhu. Learning from crowds in the
presence of schools of thought. In Proceedings of
SIGKDD, pages 226–234. ACM, 2012.

[28] G. Wang, K. Gill, M. Mohanlal, H. Zheng, and B. Y.
Zhao. Wisdom in the social crowd: an analysis of
quora. In WWW, pages 1341–1352. International
World Wide Web Conferences Steering Committee,
2013.

[29] J. Wang, T. Kraska, M. J. Franklin, and J. Feng.
Crowder: Crowdsourcing entity resolution. Proceedings
of PVLDB, 5(11):1483–1494, 2012.

[30] S. E. Whang, P. Lofgren, and H. Garcia-Molina.
Question selection for crowd entity resolution. 2013.

[31] F. Xu, Z. Ji, and B. Wang. Dual role model for
question recommendation in community question
answering. In Proceedings of SIGIR, pages 771–780.
ACM, 2012.

[32] L. Yang, M. Qiu, S. Gottipati, F. Zhu, J. Jiang,
H. Sun, and Z. Chen. Cqarank: jointly model topics
and expertise in community question answering. In
CIKM, pages 99–108. ACM, 2013.

[33] X. S. Yang, R. Cheng, L. Mo, B. Kao, and D. W.
Cheung. On incentive-based tagging. In ICDE, pages
685–696. IEEE, 2013.

[34] H. Yin, B. Cui, J. Li, J. Yao, and C. Chen.
Challenging the long tail recommendation. VLDB,
5(9):896–907, 2012.

[35] Z. Zhao, W. Ng, and Z. Zhang. Crowdseed: query
processing on microblogs. In Proceedings of EDBT,
pages 729–732. ACM, 2013.

[36] Z. Zhao, D. Yan, W. Ng, and S. Gao. A transfer
learning based framework of crowd-selection on
twitter. In SIGKDD, pages 1514–1517. ACM, 2013.

[37] E. Zhong, W. Fan, J. Wang, L. Xiao, and Y. Li.
Comsoc: adaptive transfer of user behaviors over
composite social network. In KDD, pages 696–704.
ACM, 2012.

[38] E. Zhong, W. Fan, Y. Zhu, and Q. Yang. Modeling the
dynamics of composite social networks. 2013.

[39] G. Zhou, S. Lai, K. Liu, and J. Zhao. Topic-sensitive
probabilistic model for expert finding in question
answer communities. In Proceedings of CIKM, pages
1662–1666. ACM, 2012.

[40] K. Zhou, S.-H. Yang, and H. Zha. Functional matrix
factorizations for cold-start recommendation. In
SIGIR, pages 315–324. ACM, 2011.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


