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Abstract—With the wide usage of geo-positioning services (GPS), GPS-based navigation systems have become more and more of an

integral part of people’s daily lives. GPS-based navigation systems usually suggest multiple paths for a pair of given source and target.

Therefore, users become perplexed when trying to select the best one among them, namely the problem of best path selection. Too

many suggested paths may jeopardize the usability of the recommendation data, and decrease user satisfaction. Although the existing

studies have already partially relieved this problem through integrating historical traffic logs or updating traffic conditions periodically,

their solutions neglect the potential contribution of human experiences. In this paper, we resort to crowdsourcing to ease the pain of

best path selection. However, the first step of using the crowd is to ask the right questions. For best path selection problem, the simple

questions (e.g., binary voting) on crowdsourcing platforms cannot be directly applied to road networks. Thus, in this paper, we have

made the first contribution by designing two right types of questions, namely Routing Query (RQ) to ask the crowd to decide the

direction at each road intersection. Second, we propose a series of efficient algorithms to dynamically manage the questions in order to

reduce the selection hardness within a limited budget. In particular, we show that there are two factors affecting the informativeness of a

question: the randomness (entropy) of the question and the structural position of the road intersection. Furthermore, we extend the

framework to enable multiple RQs per round. To ease the pain of the sample sensitiveness, we propose a new approach to reduce the

selection hardness by reasoning on a so-called Selective Bayesian network. We compare our approach against several baselines, and

the effectiveness and efficiency of our proposal are verified by the results in simulations and experiments on real-world datasets. The

experimental results show that, even the Selective Bayesian Network provides only partial information of causality, the performance on

the reduction of the selection hardness are dramatically improved, especially when the size of samples are relatively small.

Index Terms—Crowdsourcing, approximation algorithm, path selection

Ç

1 INTRODUCTION

WITH the rapid development of information technology
and data science, the scale of diverse data is getting

larger and larger. For instance, the global positioning systems
makes the real-time navigation systems commonly used in
daily life. With the data collected frommobile devices, a good
navigation system gives optimal routes between given loca-
tions. In realistic applications, however, the selection of the

best path can be very challenging, especially in those large-
scaled domains. For a road network with a large amount of
paths and crossroads, it might be difficult to maintain precise
information of the entire map all the time. To address the
problem, quite a few existing studies integrate historical traf-
fic logs or periodically update traffic conditions. However
they usually neglect the potential contribution of human
experience.

In our previous work [1], a crowd-aided path selection
framework is proposed to resort to crowdsourcing for best
route selection. The framework successfully leverages the
human expertise for the task. The main idea is to first design
questions in suitable form for crowdsourcing workers, and
then decide the best path with help of the crowdsourced
answers. As the query budget is usually limited, the selec-
tion of a proper set of Human Intelligence Tasks (HITs) is
very important. A series of efficient algorithms are also pro-
posed in [1] to dynamically manage the questions in order
to reduce the selection hardness within a limited budget.
The sampling-based approach works for best route selection
tasks but is very sensitive to the quality and the quantity of
the samples. The main reason is that, without considering
the probabilistic causalities embedded in the spacial topol-
ogy, it is actually difficult to precisely estimate the underly-
ing relations merely by sampling.

Therefore, this paper makes the first contribution by pro-
posing a natural way to build up a so-called Selective Bayesian
Network as a reasoning tool. The spacial causalities embedded
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in the network can remarkably control the influence of the
noises and sampling bias. Second, we propose an effective and
efficient algorithm to select the most valuable set of queries for
the crowd, with the help of the Selective Bayesian Network.
Finally we compare our proposal with several baselines with
varying sample size, query batch size, error rate and budget.
The experimental result shows that our method dominates
others both on simulations and on real datasets.

1.1 Candidate Routes and Measurement

As a motivating example, some PhD student who is new to
some city needs to go to the university from her apartment
every morning. A navigation service usually suggests five
different paths to her, namely by taxi, Uber, bus, subway
and ferry. Taxi and Uber are convenient and comfortable,
but quite expensive; while buses and the subway are fairly
affordable, but usually slow and crowded; and the ferry is
cheapest but also slowest. If the cost of all paths above can
be perfectly evaluated by some value function or model, the
best path is simply the shortest one. However, such a value
function or model is usually absent, as the cost may be influ-
enced by many dynamic factors that are difficult, sometimes
impossible, to be quantitatively modeled. Instead, there are
only statistics or observations with noises available for the
estimation of the best route. To integrate and analyze the
complex, multi-sourced statistics via a completely explicit
model is quite challenging. However, for humans, experi-
enced drivers for instance, it might be relatively easy to
make a quick yet acceptable assessment in such circumstan-
ces. Consequently, many systems consider the paths pre-
ferred by humans [2], and produce not just one best path,
but rather a set of paths. However, to address the ‘Painful
Options’ problem [3], a most likely best route needs to be
further selected. In some existing work [4], the task is for-
malized as predicting the spatial transition patterns of the
trips. Several proposals [5], [6] have revealed that the transi-
tion patterns of traffic are usually highly skewed and unbal-
anced: some paths are more likely to be traveled than others.

Thus, we follow the problem formalism in [1], [4] and pre-
sume a set of candidate routes with a given distribution as the
input. It worthmentioning that the payment for the help from
the crowd is very important. If the cost is too high, She should
simply take a taxiwithoutworrying about the best path.How-
ever, the taxi drivers may also be faced with multiple choices
of routes, and also potentially need some help from some
crowd, for instance other drivers.

The motivating example above can be specifically dem-
onstrated by the distribution in Table 1, over a road network
showed in Fig. 1. There are totally 5 candidate routes from s
to t, with the probabilities of being the best route 0.1, 0.1,
0.4, 0.1, 0.3, respectively. We first have to give a measure-
ment to quantify the hardness selecting the best one from
these candidates. As in many previous research work [1],
[7], [8], we consider the best route as a discrete random vari-
able defined over the set of the candidate paths, and use the
Shannon entropy to measure the selection hardness. For a
given candidate value set S for discrete random variable x,
the entropy of x is H ¼ �P

s2S Prðx ¼ sÞlogPrðx ¼ sÞ. So
for a given set of candidate routes R, the selection hardness
of the best route BR, denoted byHðBRÞ, is

HðBRÞ ¼ �
X
R2R

PrðBR ¼ RÞ � logPrðBR ¼ RÞ: (1)

In the rest of the paper, we use PrðRÞ as the abbreviation of
PrðBR ¼ RÞ. If the distribution over the candidate paths is
relatively skewed, i.e., there is some route with a dominant
probability to be the best route, then the hardness of the
selection is quite low, as well as the entropy. In particular, if
the candidate set is a singleton, the entropy is 1 � log1 ¼ 0,
i.e., there is no difficulty at all to select the best route. When
the distribution over the candidates is quite balanced, the
selection is quite difficult, and the entropy value is the high-
est given a uniform distribution. In the example above in
Fig. 1, the hardness of selecting the best route isHðBRÞ ¼ �
ð3 � 0:1 � log 0:1þ 0:4 � log 0:4þ 0:3 � log 0:3Þ ¼ 0:616.

It worth mentioning that the distribution of the candidate
paths can be obtained in multiple ways. There have been
many related research works. A straightforward idea is to use
the historical trajectory data. In [2], the distribution is inferred
bymining the frequent paths chosen by experienced drivers. It
is also reasonable to let the user to initialize the distribution
according to personal preference [9]. For a recommendation
system integratedwithmultiple routing algorithms, a possible
way is to train and test the algorithms on a large number of
queries, and each of themethods is assignedwith a probability
based on its average performance. For some learning-based

TABLE 1
Route Distribution and Routing Queries

Candidate Routes probability

R1 = (ðs; v1Þ; ðv1; tÞ) 0.1
R2 = (ðs; v1Þ; ðv1; v3Þ; ðv3; tÞ) 0.1
R3 = (ðs; v2Þ; ðv2; v3Þ; ðv3; tÞ) 0.4
R4 = (ðs; v2Þ; ðv2; v4Þ; ðv4; tÞ) 0.1
R5 = (ðs; v3Þ; ðv3; tÞ) 0.3

Routing Queries pmf over Ci

Q1 : ðs; C ¼ fv1; v2; v3g; tÞ 0:2; 0:5; 0:3
Q2 : ðv1; C ¼ fv3; tg; tÞ 0:5; 0:5
Q3 : ðv2; C ¼ fv3; v4g; tÞ 0:8; 0:2

Binary Routing Query pmf over fyes; nog
BQ1 : ðs; C ¼ fv1g; tÞ 0:2; 0:8
BQ2 : ðs; C ¼ fv2g; tÞ 0:5; 0:5
BQ3 : ðs; C ¼ fv3g; tÞ 0:3; 0:7
BQ4 : ðv1; C ¼ fv3g; tÞ 0:5; 0:5
BQ5 : ðv1; C ¼ ftg; tÞ 0:5; 0:5
BQ6 : ðv2; C ¼ fv3g; tÞ 0:8; 0:2
BQ7 : ðv2; C ¼ fv4g; tÞ 0:2; 0:8

Fig. 1. Candidate routes.
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method, e.g., deep reinforcement learning [10], the output is
already a distribution of candidate choices. For instance in [4],
a deep probabilistic model is proposed to predict the most
likely traveling route on the road network, which unifies three
key explanatory factors. To enable effectively sharing the sta-
tistical strength, they also proposed an adjoin generative
model to learn representations of k-destination proxies. In this
paper, we assume that the distribution of the routes has
already been given by some of the abovemethods.

1.2 Crowd-Aided Best Path Selection

To leverage human expertise for the route selection, we
need to first determine a HIT (Human Intelligent Task)
design. We follow the design of the crowdsourcing task and
the queries in our previous work [1]. A Human Intelligence
Task (HIT) is in the form of a Routing Query, which is a
tuple ðvst; C; vtgÞ, where vst is the starting vertex of the query,
C is the set of candidate directions, and vtg is the target ver-
tex. Intuitively, such a query Q is asking that, if the current
position is at the starting vertex vst, in order to reach the tar-
get vertex vtg, which direction in the candidate set C should
be chosen. In Table 1, there are three routing queries: Q1, Q2

and Q3, each of which contains a starting vertex, a target
vertex, and a candidate set of next directions. For instance,
Q2 is a query about which direction to choose to get to t, if
one is currently at v1. There are two choices available, either
to go through v3 and then to t, or directly go to t. The crowd-
sourcing task is to give an answer, denoted by AQ2

, which is
either v3 or t.

Please notice that there is a probabilitymass function (pmf)
available in the table, which decides the probabilities of differ-
ent crowdsourced answers for some given Q. The probability
mass function needs to submit to the distribution of the candi-
date routesRS. Once the distribution is given, the pmf can be
determined. The distribution and the pmf can be regarded as
the long-term statistics. For example, without any observation
at a specific time, the probability of the best route in Fig. 1 to
be R1 is statistically 0.1, and the probability of AðQ1Þ ¼ v1 is
statistically 0.2. However, if a crowdsourcingworker has been
placed in a specific environment where the best route is
already deterministic, which is R3 for instance, i.e., with the
observation BR ¼ R2, the probability of AðQ1Þ ¼ v1 then
becomes 0, and PrðAðQ1Þ ¼ v2Þ is 1, if noises are not con-
cerned. It is commonly accepted that crowdsourcing works
best when the human intelligent tasks can be decomposed
into very simple pieces [11]. So asking which closely next
direction is the best choice, as what we did, is much better
than generally asking which route is the best one. Moreover,
the knowledge about the traffic condition sometimes comes
from real-time observation, which is usually partial - a human
driver despite his/her rich experience is only able to observe
the traffic condition in a limited scope. With the simple pieces
of the tasks, the crowdsourcingworkers can make use of their
expertise or real-time observation easily.

The crowdsourced answers for the simple tasks are then
collected and integrated for updating the distribution of the
routes. In [1], the query above can be further decomposed
into smaller pieces, namely binary routing queries (BRQ).
Each Q ¼ ðvst; C; vtgÞ can be broken down into BQs, each of
which contains a singleton candidate direction set, and the

answer is either yes or no. For instance, Q1 in Table 1 is
decomposed into BQ1, BQ2 and BQ3, and Q2 is decom-
posed into BQ4 and BQ5. A binary routing query set is eas-
ier for the crowd to answer, yet in expressiveness and
efficiency it is equivalent with the corresponding routing
query set. The framework of crowd-aided route selection [1]
is as follows: given a route set R and a budget limit B of RQ
numbers,

1) select k queries (denoted as Sk) to ask the crowd, to
reduce the selection hardness as much as possible,

2) update the probabilities of all routes in R according
to the crowdsourced k answers (denoted as ASk ),

3) repeat 1 and 2 until budget of B is used up, and then
report the most likely best route.

In [1], the selection of the best set of queries is done by a
sampling-based approach, which estimates the mutual
information between BR and ASk by sampling. It neglects
spacial relationship between BR and ASk , resulting that the
performance is very sensitive to the quality and size of the
sample set. In this paper we propose a method to address
the problem.

1.3 Challenges and Contributions

We present the challenges in the following aspects.

� Idleness of topological information: a main challenge is
how to utilize the spacial information in the map, to
accelerate the hardness reduction of selecting the
best route. Generally, the routing queries that are
given to the crowd are not independent with each
other, which makes it very difficult to precisely eval-
uate different combinations of queries. It is crucial to
find an efficient way to make use of the topological
causalities among the queries when we compute the
mutual information between the selection hardness
and the crowdsourced answers.

� Uncertainty from noises and sampling bias: existing
sampling-based algorithm suffers from the possible
noises in the crowdsourced answers and sample
insufficiency. As the answers from the crowd are not
always correct, the bias in the samples might be mag-
nified by the noises, in particular when the sample
size is not large enough. Thus, we need to find an
effective mechanism to control the uncertainty
brought about by the error of the crowd.

� Computational complexity on large maps: suppose that
we have already known how to leverage the spacial
information for the route selection, the efficiency is
another important concern. As the given map might
be quite large in reality, the designed algorithm has
to be highly efficient for online usage.

To address the problems above, we propose a new
approach for crowd-aided route selection. We summarize
our new contributions as follows:

� First, we give the exact solution for selecting the opti-
mal k RQs in the framework of crowd-aided route
selection. We propose a so-called Selective Bayesian
Network for representing and leveraging the knowl-
edge of spacial causalities, and propose a natural
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method to build the networks, as described in detail
in Section 4.2.

� Second, we propose an efficient algorithm that selects
most valuable routing queries and then suggests best
routes, by reasoning on the Selective Bayesian Net-
work, which successfully reduces the uncertainty
yielded by the sampling bias and the noises in the
crowdsourced answers, as presented in Sections 4.3
and 4.4.

� Third, we modularize the algorithm to enable topo-
logical information reuse, thus improve the effi-
ciency of the hardness reduction, as illustrated in
Section 4.4.

� Finally, we compare different algorithms both on
synthetic data and real-world road networks with
varying sample size, query batch size, error rate and
budget. It turns out that our approach dominates
others, as shown in Section 5.

2 DEFINITIONS AND PROBLEM STATEMENT

In this section, we present the core definitions and related
notations, then formally state the problem.

Definition 2.1. Given a source vertex s and a target vertex t
over a directed graph G, a candidate route is a sequence of
edges R ¼ ðe1; . . . ; enÞ, such that s is the head of e1, t is the tail
of en, and the sequence e1; . . . ; en is a directed path in G.

For a given vertex v and a candidate path R, if R goes
through v, we denote it as R! v, and R 6! v denotes that R
does not go through v. For an edge e ¼ ðvi; vjÞ in G such that
R! vi and R! vj, i.e., R goes through edge e, we simply
denote it as e 2 R.

Definition 2.2. Given a source vertex s and a target vertex t, R
denotes the set of all candidate routes from s to t. The best
route, denoted by BR, is defined as a discrete random variable
with sample space R. Each candidate route R 2 R has a proba-
bility PrðRÞ of being the best one, andPR2R PrðRÞ ¼ 1.

Definition 2.3. Given a Route Set RS with the source vertex s
and the target vertex t, a Routing Query Q is defined as a tri-
ple ðvst; C; tÞ, where vst is the starting vertex of the query, indi-
cating an intersection, and C ¼ fv1; . . . ; vjCjg is the set of all
successors of vst in R, namely, all possible directions of moving
from vst towards t. In the rest of the paper, by default jCj � 2,
i.e., only those vertices with at least two successors are worth
querying about.

Given a route set R, we use Q to denote the set of all
queries in R. For a set of queries Sk 2 R that is selected to
ask, suppose that Sk ¼ fQ1; Q2; . . . ; Qkg the crowdsourced
answer set ASk 2 CSk , where CSk ¼ CQ1

� � � � � CQk
. The

error rate of the crowdsourcing workers is denoted by ".
Table 2 summarizes the notations. In Fig. 1 and Table 1, R ¼
fR1; R2; R3g, and suppose that BR ¼ R4. Let k ¼ 2 and Sk ¼
fQ1; Q3g. As v1 is the starting vertex of Q2 and BR 6! v1, the
crowdsourcing worker gives random answer according to the
probability mass function overC2, namely, v3 with probability
0.5, or otherwise v4. For the starting vertex v2 of Q3, BR! v2
and ðv2; v4Þ 2 BR, a worker with error rate " answers v4 with
probability ð1� "Þ, or answers twith probability ".

Similar as in [1], we use the Shannon Entropy, which is a
non-parametric measurement that requires no assumption
about external factors, to measure the hardness of selecting
BR from R.

Definition 2.4. Given a path set R ¼ fR1; R2; . . . ; RjRjg, the
hardness of selecting the best path BR, denoted by HðBRÞ, is
defined as the Shannon Entropy of BR

HðBRÞ ¼ �
X
R2R

PrðRÞlog ðPrðRÞÞ:

We formally state the problem definition as follows.

Definition 2.5. (Problem definition) Given a path set R and a
budget B of the number of queries, without exceeding the bud-
get, we aim to design strategies to crowdsource routing queries
in order to maximally reduce the selection hardnessHðBRÞ.

3 BASIC RQ-BASED METHOD

In this section, we present a complete solution to select and
crowdsource RQs in order to reduce the selection hardness.
First, we use the expected reduction of selection hardness as
the metric to evaluate RQs, and derive necessary formulas
to enable the computation. Second, we study how to effi-
ciently select the best RQ. Third, we present how to utilize
conflicting crowdsourced answers. Lastly, we put these
together to develop the framework of the RQ-based method,

TABLE 2
Summary of Notations

Notation Meaning

R or Ri a candidate route

R! v R goes through vertex v

R 6! v R does not go through vertex v

R Route Set: the set of all candidate routes for a
pair of source and target

BR the best route for a given R

Q ¼ ðvst; C; tÞ a routing query with starting vertex vst,
constant target t and direction set C

AQ the correct answer of query Q

Q the set of all queries for a given R

Sk a subset of Q containing k queries

ASk the k answers of queries in Sk

CSk the Cartesian product of direction sets of the
queries in Sk: CQ1

� � � � � CQk

BQ ¼ ðvst; C; tÞ a Binary routing query with jCj=1
HðBRÞ the selection hardness among candidate

routes

DHQ the expected reduction of selection hardness
by asking the crowd with query Q

DHSk the expected reduction of selection hardness
by asking the crowd all the queries in Sk

" the error rate of a crowdsourcing worker

X?Y jZ X is independent of Y given Z, whereX;Y; Z
are random variables
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which reduces the selection hardness using a sequence of
RQs.

3.1 RQ Selection Metric

In order to design an effective strategy for selecting RQs, it
is essential to define a metric to estimate the importance of
RQs before they are answered. Since the final objective is to
reduce the selection hardness, we use the probabilistic expec-
tation of selection hardness conditioned on individual RQs
as the metric.

For an arbitrary routing query Q :¼< vst;D; t > , let AQ

be the ground truth answer of the Q. Probabilistically, AQ is
a discrete random variable with sample space D. Therefore,
the expectation of selection hardness after receiving AQ,
denoted as EHðBRjAQÞ, is that

EHðBRjAQÞ
¼

X
vi2D

PrðAQ ¼ viÞHðBR ¼ RjAQ ¼ viÞ

¼
X
vi2D

PrðAQ ¼ viÞ
X
Rj2R
ðPrðBR ¼ RjjAQ ¼ viÞ

logPrðBR ¼ RjjAQ ¼ viÞÞ:

(2)

There are two parameters used in Equation (25) : Pr
ðAQ ¼ viÞ (i.e., the probability that vi is the correct answer of
Q) and PrðBR ¼ RjjAQ ¼ viÞ (i.e., the probability that Rj is
the best path, given that vi is the correct answer of Q). Now
we derive formulas to compute these two parameters.

Computation of PrðAQ ¼ viÞ: Recall that RQ is a question
asking how to move forward starting from vst. Hence, AQ ¼
vi indicates e :¼ ðvst; viÞ 2 BR, given BR goes through vst.
Then we have

PrðAQ ¼ viÞ ¼ Prðe 2 BRjBR! vstÞ

¼ PrðBR! vstje 2 BRÞPrðe 2 BRÞ
PrðBR! vstÞ :

Please note that vst is the head of edge e, so given the condi-
tion that e is on the best path (i.e., e 2 BR), the best path
must go through vst, that is, PrðBR! vstje 2 BRÞ ¼ 1.
Hence, we have

PrðAQ ¼ viÞ ¼ Prðe 2 BRÞ
PrðBR! vstÞ :

Following the Law of Total Probability [12], we have Pr
ðe 2 BRÞ ¼P

R2R Prðe 2 BR \BR ¼ RÞ ¼P
R2R^e2R PrðRÞ

and PrðBR! vstÞ ¼
P

R02R PrðR0 ! vst \BR ¼ R0Þ ¼P
R02R^R0!vst

PrðR0Þ. Finally, we have

PrðAQ ¼ viÞ ¼
P

R2R^e2R PrðRÞP
R02R^R0!vst

PrðR0Þ : (3)

Equation (3) computes the probability that AQ taking each
element of D, hereby we have the probability mass function
(pmf) [12] of AQ.

Computation of PrðBR ¼ RjjAQ ¼ viÞ: The main difficulty
of deriving PrðBR ¼ RjjAQ ¼ viÞ is to determine the corre-
lation between ‘BR ¼ Rj’ and ‘AQ ¼ vi’. We observe that

this correlation is closely related to ‘BR! vst’, i.e., whether
the best path goes through the starting point of RQ. There-
fore, we expand PrðBR ¼ RjjAQ ¼ viÞwith the Law of Total
Probability as follows:

PrðBR ¼ RjjAQ ¼ viÞ ¼
PrðBR! vstÞPrðBR ¼ RjjAQ ¼ vi; BR! vstÞ
þ ð1� PrðBR! vstÞÞPrðBR ¼ RjjAQ ¼ vi; BRZ vstÞ;

(4)

where we have PrðBR! vstÞ ¼
P

R2R^R!vst
PrðRÞ.

We derive PrðBR ¼ RjjAQ ¼ vi; BR! vstÞ and PrðBR ¼
RjjAQ ¼ vi; BRZvstÞ by respectively analyzing two exclu-
sive conditions - BR! vst and BRZvst.

Condition BR! vst: First, we analyze the situation that
vst is on the best path BR. For each vi 2 D, if edge e :¼
ðvst; viÞ is on the best path, then vi must be the best direction
going from vst to t, i.e., the ground truth answer AQ should
be vi. Therefore, we have e 2 BR) AQ ¼ vi.

Similarly, if AQ ¼ vi and BR! vst, we can ensure that
e 2 BR. So ðAQ ¼ vi ^BR! vstÞ ) e 2 BR. Overall, we
conclude that e 2 BR if and only if ðAQ ¼ vi ^BR! vstÞ,
i.e.,

ðAQ ¼ vi ^BR! vstÞ , e :¼ ðvst; viÞ 2 BR: (5)

Therefore, we have

PrðBR ¼ RjjAQ ¼ vi; BR! vstÞ
¼ PrðBR ¼ Rjje :¼ ðvst; viÞ 2 BRÞ

¼ Prðe 2 BRjBR ¼ RjÞPrðRjÞ
Prðe 2 BRÞ

¼
0 e =2 Rj

PrðRjÞP
R2R^e2R PrðRÞ otherwise

8<
:

(6)

Condition BRZvst: Second, we consider the condition
when the best path does not go through vst. Note each ver-
tex in D indicates a path that is possibly the best direction
going from vst to t, and we are interested in the best path
from the source vertex s to t. Therefore, the answer to RQ
gives us useful information only if vst is known to be on the
best path. In other words, if vst is not on BR, how to move
from vst towards the target does not affect the distribution
of BR, since one will not even go to vst in the first place.
Probabilistically, BR and AQ are independent given that
‘BR does not go through vst’. Formally, we have

AQ?BRjBR Z vst; (7)

where we adopt ? to denote the operator indicating two
random variables are conditionally independent [13].
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From Formula (7), we have

PrðBR ¼ RjjAQ ¼ vi; BR Z vstÞ

¼
0 Rj ! vst

PrðRjÞP
R2R^RZvst

PrðRÞ otherwise

8<
: :

(8)

Then, equipped with Equations (8) and (6), we have com-
pleted the derivation of parameters used in Equation (30).

Finally, by substituting Equations (30) and (3) into Equa-
tion (25), we can compute the expectation of selection hard-
ness for asking each RQ.

3.2 Choosing the Best RQ

A naive approach of selecting the best RQ is to traverse all
the RQs. However, this is very costly since the computation
w.r.t. RQ requires accessing all the paths in R. When the
number of candidate paths is large, the computational cost
will be higher. Fortunately, we found that the expected
reduction of selection hardness for RQ :¼< vst;D; t > is
only related to the paths going through vst. We conclude
this discovery with the following theorem.

Theorem 3.1. For a given path set R and a given RQ :¼<
vst;D; t >, let DHRQ be the expected reduction of selection
hardness by asking RQ to the crowd, we have that DHRQ is
equivalent to ‘the entropy of RQ’ multiplying ‘the probability
of the best path going through vst’, i.e.,

DHRQ ¼ HðBRÞ � EHðBRjAQÞ

¼ �
� X

R!vst

PrðRÞ
� X

vi2D
PrðAQ ¼ viÞlogPrðAQ ¼ viÞ:

(9)

Proof. Please see the appendix, which can be found on the
Computer Society Digital Library at http://doi.ieee
computersociety.org/10.1109/TKDE.2021.3078833, in [1].tu
Theorem 3.1 reflects two factors influencing the impor-

tance of a RQ - ‘the entropy of the RQ’ and ‘the probability of
the best path going through vst’. Intuitively, the former indi-
cates the amount of information gain by asking this question,
so the higher the entropy, the more important the question;
the latter indicates the structural position of the question, rep-
resenting how useful the information gain is for determining
the best path. It worth noticing that, the common practice
‘asking the most uncertain question’ does NOT apply in our
problem, as shown in the following example.

3.3 Utilization of Conflicting Crowdsourced
Answers

The essential objective of crowdsourcing is to use the
answers to adjust the probability distribution of the best
path. However, crowdsourced answers may be mistaken or
subjective. As a result, different workers may return con-
flicting answers for the same question. To handle this issue,
we must allow each crowdsourced answer to be wrong
with a probability. This probability can be estimated by the
error rate of the worker. For a RQ :¼< vst;D; t > , let vC be

the result returned by a crowdsourcing worker with error
rate �.

Now we present how to use crowdsourced answers to
adjust the probability of each candidate path Ri. That is to
derive the formula to compute PrðBR ¼ RijvC returned by
the crowdÞ. To do this, we need to consider three exclusive
cases: 1) Ri Z vst, i.e., Ri does not go through vst, so Ri is not
affected by the answer of the RQ; 2) ðvst; vCÞ 2 Ri, i.e.,Ri goes
through vst and vC , which indicates that the crowdsourced
answer is supportive forRi; 3)Ri ! vst ^ ðvst; vCÞ =2 Ri, i.e.,Ri

goes through vst but not vC , which indicates that the crowd-
sourced answer is against forRi.

We list the details for all three cases as follows.
Case 1) BR Z vst: According to Equation (7), the answer

of RQ is independent of BR given BR Z vst, so we have
PrðBR ¼ RijvC returned by the crowdÞ ¼ Pr
ðBR ¼ RiÞ ¼ PrðRiÞ;

Case 2) ðvst; vCÞ 2 Ri : According to Bayes’ theorem

PrðBR ¼ RijvC returned by the crowdÞ

¼ PrðRiÞPrðvC returned by the crowdjBR ¼ RiÞ
PrðvC returned by the crowdÞ :

(10)

We have

PrðvC returned by the crowdÞ ¼
PrðAQ ¼ vCÞð1� �Þ þ ð1� PrðAQ ¼ vCÞÞ�

PrðvC returned by the crowdjBR ¼ RiÞ ¼
Prðcrowd answers the RQ correctlyÞ ¼ 1� �:

(11)

So, in case of ðvst; vCÞ 2 BR, we have

PrðBR ¼ RijvC returned by the crowdÞ ¼
PrðRiÞð1� �Þ

PrðAQ ¼ vCÞð1� �Þ þ ð1� PrðAQ ¼ vCÞÞ� ;
(12)

where PrðAQ ¼ vCÞ is derived in Equation (3).
Case 3) Ri ! vst ^ ðvst; vCÞ =2 Ri: Analogous to case 2),

since ðvst; vCÞ =2 Ri and ðvst; vCÞ =2 BR, we know that vC is an
incorrect answer of RQ conditioning on BR ¼ Ri, i.e., the
crowd answers RQ correctly. So

PrðvC returned by the crowdjBR ¼ RiÞ ¼
Prðcrowd answers the RQ incorrectlyÞ ¼ �:

Then we have

PrðBR ¼ RijvC returned by the crowdÞ ¼
PrðRiÞ�

PrðAQ ¼ vCÞð1� �Þ þ ð1� PrðAQ ¼ vCÞÞ� :

(13)

To conclude the above analysis, we achieve the following
close-form formula for using crowdsourced answer to adjust
the probability distribution of the best path
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PrðBR ¼ RijvC returned by the crowdÞ ¼
PrðRiÞ RiZvst

PrðRiÞð1��Þ
PrðAQ¼vC Þð1��Þþð1�PrðAQ¼vC ÞÞ� ðvst; vCÞ 2 Ri

PrðRiÞ�
PrðAQ¼vC Þð1��Þþð1�PrðAQ¼vC ÞÞ� otherwise

8>><
>>:

:
(14)

Actually, by considering Ri as a binary random variable,
PrðRijvCÞ is the probability ofBR ¼ Ri conditioning on event
“vC is answered by the crowd”. Therefore, when more
answers are received, the probability of BR ¼ Ri would be
recursively adjusted by Equation (14), conditioning on each
received answer and error rate of the corresponding worker.
Please note that different workers may have different error
rates. Furthermore, after the probabilities of candidate paths
are adjusted by one answer, the probability distribution of
each AQ is also updated by recomputing Equation (3). So,
when the next answer is received, the adjustment is con-
ductedwith the updated probability of eachRi.

It is easy to perform the algebraic manipulations to show
that, for any two answers vC and v0C , we have

PrðBR ¼ RijvC returned by the crowd;

and then v0C returned by the crowdÞ
¼PrðBR ¼ Rijv0C returned by the crowd;

and then vC returned by the crowdÞ
¼PrðBR ¼ RijvC and v0C are returned by the crowdÞ:

(15)

The above equation resolves three issues of concern. The first is
the sequence of answers received fromworkers. Equation (15)
indicates that, given two crowdsourced answers, the final
result ofR is independent of the sequence of the answers being
utilized. In other words, the final result ofRi is the probability
of BR ¼ Ri conditioning on the event that “both answers are
received”. The second issue is that, the same RQ may be
answered differently by multiple workers. Particularly, in
Equation (15), v0C and vC may be conflicting answers for the
sameRQ from twoworkers. In this case, by recursively execut-
ing Equation (14) twice, the effect of vC and v0C are gracefully
aggregated based on different error rates of workers. Third,
after the utilization of crowdsourced answers, the sumof prob-
abilities of all candidate paths should always be one. As fol-
lows, we show how to use a crowdsourced answer with a
running example.

Algorithm 1. The Framework of RQ-Based Method

Input: A path set R, URQ, a total budget B
while B 6¼ 0 do
for each RQi 2 URQ do
calculate DHRQi

via Theorem 3.1;
end
RQmax  argmaxRQi2URQ

DHRQi
;

AskRQmax to crowd and receive the corresponding answer vC ;
for each Rj 2 R do
PrðRjÞ  PrðBR ¼ RjjvCÞ via Formula (14));

end
B B� 1;

end

3.4 The Framework of RQ-Based Method

In this subsection, we provide the complete framework of
our proposed RQ-based method. Algorithm 1 illustrates
this framework, which consists of two iterative phases:

� Choosing the best RQ - select the best RQ based on the
current probabilities of candidate paths, and post it
to the crowd;

� Utilization of Conflicting Crowdsourced Answers -
adjust the probabilities of all candidate paths accord-
ing to the crowdsourced answers.

In Algorithm 1, these two phases are iteratively performed
B times due to the given budget. In each iteration, we first cal-
culate the expected reduction of selection hardness,DHRQ, for
each RQ via Theorem 3.1. Then, the one with maximum
DHRQ is selected and published to the crowd. Second, we
receive the answer vC , and adjust the probabilities of all candi-
date paths through Formula (14), hereby reduce the selection
hardness.

3.5 BRQ: A Different Question Type

In the RQ-based method, each RQ is a multiple choice ques-
tion. For a high-degree vertex, it would be constructed into
a multiple choice with too many options to be answered by
a crowdsourcing worker. As suggested in [14], [15], crowds
are good at tasks broken down into small pieces (often with
a YES/NO answer). Motivated by this, we consider an
extension that uses an easier type of questions, namely
BRQ, as defined by the following Definition 3.1.

Definition 3.1 (Binary Routing Query (BRQ)). For a given
RQ :¼< vst;D ¼ fv0; . . . ; vjDjg; t >, a Binary Routing
Query BRQ is triple < vst; vd; t >, where vd 2 D.

From the perspective of a crowdsourcing worker, a BRQ
is a question of the form “From vst to t, should I go to the
direction of vd?” The bottom part of Table 1 lists all the
BRQs for the R. It is obvious that each RQ can be easily
decomposed in to jDj distinct BRQs. As a new type of ques-
tions, BRQs can easily fit into the Algorithm 1. Analogous to
the RQ-based method, we also focus on studying how to
select the best BRQ in this extension.

Finding the best BRQ: As shown in Theorem 3.1, the sig-
nificance of an RQ is determined by its information gain
and topological position. For BRQs, we reach similar result,
as shown with the following theorem.

Theorem 3.2. For a given path set R and a given BQ :¼<
vst; vd; t >, let DHBQ be the expected reduction of selection
hardness by asking the BRQ to the crowd, we find that DHBQ

is equivalent to ‘the entropy of the BRQ’ multiplying ‘the prob-
ability of the best path going through vst’, that is

DHBRQ ¼ HðBRÞ � EHðBRjABQÞ

¼ �
� X

R!vst

PrðRÞ
�
½PrðABQ ¼ vdÞlogPrðABQ ¼ vdÞ

þ ð1� PrðABQ ¼ vdÞÞlog ð1� PrðABQ ¼ vdÞÞ�
(16)
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Proof. Please see appendix, available in the online supple-
mental material, in [1]. tu

4 SELECT THE BEST SET OF RQS WITH

SELECTIVE BAYESIAN NETWORK

In this section,wepresent the crowd-aided route selectionwith
Selective Bayesian Network. Fig. 2 shows the architecture of
the system. As a centric part of the framework, the Selective
Bayesian Network repeatedly selects the best set Sk of k rout-
ing queries from the query setQ, according to current probabil-
ities of the routes in R. Each selected Sk is given to the crowd,
and the k answers with noises are then collected from the
crowd to update the probabilities and the network. When the
budget runs out, the system returns themost likely best route.

4.1 RQ Set Selection Metric

Before we formally introduce our approach, we first give the
metric. The final objective is to reduce the selection hardness,
so we still use the probabilistic expectation of selection hard-
ness conditioned on given set of routing queries as ourmetric.
If the queries are given to the crowd one by one, for a routing
query Q ¼ ðvst; C; tÞ, suppose that the ground truth answer
forQ isAQ. The answerAQ is actually a discrete random vari-
able with sample space C. The expectation of selection hard-
ness after receivingAQ, denoted asEHðBRjAQÞ, is that

EHðBRjAQÞ
¼
X
v2D

PrðAQ ¼ vÞHðBRjAQ ¼ vÞ

¼
X
v2D

PrðAQ ¼ vÞ
X
R2R
ðPrðBR ¼ RjAQ ¼ vÞ

logPrðBR ¼ RjAQ ¼ vÞÞ:
(17)

If the problem is to select the best single query Q from Q,
such that the expected selection hardness is maximally
reduced, the expected reduction of the selection hardness
DHSk is

DHQ ¼ HðBRÞ � EHðBRjAQÞ
¼ �

X
R2R

PrðRÞlog ðPrðRÞÞ �
X
v2D

PrðAQ ¼ vÞHðBRjAQ ¼ vÞ;

(18)

and we have the optimization problem argmaxQ2Q DHQ: As
a main conclusion of our work in [1], DHQ can be

characterized by two features, namely the entropy of Q, and
the probability of the best path going through vst, where vst
is the starting vertex of Q.

DHQ ¼ HðBRÞ � EHðBRjAQÞ

¼ �
� X

R!vst

PrðRÞ
�X

v2C
PrðAQ ¼ vÞlogPrðAQ ¼ vÞ:

(19)

The former feature above indicates the information gain by
asking the query Q. The higher entropy the query Q has, the
more information the answerAQ gives. The latter feature rep-
resents the structural importance of the query, indicating
how important the information gain is for determining the
best route. The two features well captures the essence of
crowd-aided route selection with a single best routing query -
to select the query with high uncertainty and high spacial
importance. However, in a crowdsourcing environment, we
usually need to ask multiple questions each round to reduce
latency. If we consider giving k queries per round to the
crowd, the problem becomes to select the best combination of
k routing queries, Sk, from Q, such that the expected selection
hardness ismaximally reduced, i.e., the optimization problem

argmax
Sk�Q;jSkj	k

DHSk; (20)

where

DHSk ¼ HðBRÞ � EHðBRjASkÞ: (21)

Now the key problem is how to precisely estimate and effi-
ciently compute the expected reduction of selection hardness
after receiving a set of crowdsourced answers. Generally,
selecting Sk from Q that maximizes DHSk is NP-Hard, but we
can approximate it. From the perspective of information the-
ory [16], DHSk can be considered as the mutual information
between BR and ASk . The existing work did not give an
explicit solution for DHSk above, and the metric was roughly
estimated by sampling and the following formula:

DHSk 
 ^DHSk ¼
X

BR;ASk

fqðBR;ASkÞlog
fqðBR;ASkÞ

fqðBRÞ � fqðASkÞ
;

(22)

where fqðBRÞ ¼P
ASk

fqðBR;ASkÞ and fqðASkÞ ¼
P

BR fq
ðBR;ASkÞ. To find a better approximation and finally solve
the problem,we introduce the Selective BayesianNetwork.

4.2 Selective Bayesian Network

The baseline sampling-based method in [1] uses two relaxa-
tions, one of which calculates approximate solution by greedy
strategy, and the other one uses random sampling to estimate
the probabilities. If the sampling rate is high enough, the algo-
rithm will give acceptable result in the sense of precision.
However, if the sizes of the route set R and corresponding
query set Q are relatively large, the performance of the sam-
pling-based algorithm dramatically declines due to sampling
insufficiency. In the following,we give an alternative approach
based on Selective BayesianNetwork.

Fig. 2. Crowd-aided route selection with selective Bayesian network.
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Given a set of candidate routes R, we can construct a cor-
responding Selective Bayesian Network for the computation
of selection hardness reduction DHSk . It is obvious that any
route that contains a directed loop is not the best route. For
instance, for a route R ¼ v1v2 . . . vt where vi ¼ vj for some
i; j 2 ½1; t�; i 6¼ j, R contains a loop viviþ1 . . . vj. Obviously, R
is dominated by another route R0 ¼ v1v2 . . . vivjþ1 . . . vt. For
any given route R 2 R, checking the existence of a loop is
an linear-time task, and it’s trivial to improve the paths
with loops by simply eliminating all loops from them. In the
following, we assume that the graph constructed by R is a
directed acyclic graph (DAG), and call R a directed acyclic
graph for convenience.

Definition 4.1. Given a set of routing queries R that is acyclic,
its Selective Bayesian Network, denoted by NðRÞ, is a DAG
that consists of:

Nodes There is a node vi inNðRÞ for each vertex vi in R, anno-
tated with the probability of PrðviÞ ¼ PrðBR! viÞ,
whereBR is the best route. In the rest of the paper, we also
use vi as a random variable standing for BR! vi, and
:vi for BR 6! vi, with probabilities PrðviÞ and 1�
PrðviÞ respectively. Each node vi (except the source node
s) is labeled by a conditional probability table PT ðviÞ. The
computation of the probability table PT will be introduced
later.

Edges There is a directed edge ðvi; vjÞ 2 N ðRÞ for each
directed edge ðvi; vjÞ 2 R. In the following, we call vi a
parent of vj, and vj a child of vi. Notice that it is possi-
ble for a node to have multiple parents and multiple
children.

Definition 4.2. For a route set R, its Selective Bayesian Network
NðRÞ, and a node v 2 NðRÞ, we call a set of literals o a priori
observation of v if o is in following form:

o ¼ �
li j ðvi; vÞ 2 N ðRÞ; li 2 fvi;:vig

�
;

and define the positive part of the observation o as oþ ¼
fvi j vi 2 og; and the negative part of the observation o as
o� ¼ f:vi j :vi 2 og:
We denote the set of all priori observations of v by OðvÞ.

In Fig. 1, for instance,

� o1 ¼ f:v1; v3;:v4g is a priori observation of vertex t,
i.e., o1 2 OðtÞ, with the positive part oþ1 ¼ fv3g and
the negative part o�1 ¼ f:v1;:v4g,

� o2 ¼ fs; v2g is a priori observation of vertex v3, i.e.,
o2 2 Oðv3Þ, with the positive part oþ2 ¼ fs; v2g and
negative part o�2 ¼ ;.

Definition 4.3. For a node v in NðRÞ, an observation o of v, a
set of answers ASk for routing query set Sk � Q, and a route
R 2 R, we say R submits to o, denoted as R � o, if

ð8vx 2 oþ:R! vxÞ ^ ð8vy 2 o�:R 6! vyÞ:
We say R submits to ASk , also denoted as R � ASk , if for each
query Q ¼ ðvst; C; tÞ in Sk, suppose vans is the answer of Q
given by ASk , we have R! vst 
 R! vans:

The “
” above is the implication in classic logic, indicat-
ing if the route R goes through vst, then it has to goes

through vans. Now we give the computation of the probabil-
ity table, denoted by PT , ofNðRÞ.
Lemma 4.1 (Computation of probability table PT ). For

each node vi 2 NðRÞ,
(1) Initialization: for each observation o 2 OðviÞ, set

PrðvijoÞ ¼
P

R2R^R!vi^R�o PrðRÞP
R2R^R�o PrðRÞ

Prð:vijoÞ ¼ 1� PrðvijoÞ:
(23)

(2) Completion: for those observation o 2 OðviÞ such that
6 9R 2 R:R � o, set PrðvijoÞ ¼ 0 and Prð:vijoÞ ¼ 0.

Note that after the initialization step in Lemma 4.1, the
probability table PT is not complete. For instance, Fig. 3
shows the the Selective Bayesian Network for the example
in Fig. 1 with the routing queries in Table 1 (with negative
conditional probabilities omitted). In the figure, for node v3,
the conditional probability Prðv3jsv1v2Þ is still undefined
after initialization, since there is no path that submits to the
observation of v3: o ¼ fs; v1; v2g. So, in the completion step,
we complete the probability table PT ðv3Þ by simply setting
Prðv3js; v1; v2Þ ¼ 0 and Prð:v3js; v1; v2Þ ¼ 1, and other neces-
sary conditional probabilities.

We give some more examples of the supportive probabi-
lities:

� For a node vi in R, there is only one outgoing edge
from vi. Namely, in the routing query RQ ¼<
vi;Di; t >, Di is a singleton, say Di ¼ fvoutg, we have
PrðAQ ¼ voutÞ ¼ 1, though such a query is usually
omitted in URQ.

� For a node vi in R, there is only one incoming edge
towards vi, say vst. The corresponding supportive
probabilities will be

PrðvijfvstgÞ ¼ PrðA<vst;D;t> ¼ viÞ
Prðvijf:vstgÞ ¼ 0

Prð:vijfvstgÞ ¼ 1� PrðA<vst;D;t > ¼ viÞ
Prð:vijf:vstgÞ ¼ 1:

� For the example in Table 1, the corresponding condi-
tional probabilities is shown in Table 3.

4.3 Select the Best Routing Query Set

A straightforward heuristic solution to select the best query
set is to select the top-k questions which have the highest

Fig. 3. Initialization of the selective Bayesian network.
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expected reduction of selection hardness in Equation (19).
However, such a solution neglects the correlation among
the queries in Sk. The correlation can be estimated by sam-
pling, but the precision depends on the sample qualification
and quantity. With the Selective Bayesian Network, we
have the spacial casual information about the nodes, so we
can make use of the spacial causalities to compute the
expected uncertainty reduction.

Let Sk be a set of k routing queries, Sk ¼ fQ1; . . . ; Qkg,
where each query is in the formQi ¼ ðvist; Ci; tÞ, LetASk be the
k ground-truth answers of the queries in Sk, which is actually
a discrete random variable with sample space C1 � � � � � Ck.
The probability ofASk is is actually the joint probability

PrðASk ¼ vSkÞ ¼ PrðAQ1
¼ v1Sk ; . . . ; AQk

¼ vkSkÞ; (24)

where the vector vSk 2 C1 � � � � � Ck and viSk is the ith coordi-
nate of vSk , which is the ground-truth answer forQi. Therefore,
the expectation of selection hardness after receivingASk is

EHðBRjASkÞ
¼

X
vSk2C1�����Ck

PrðASk ¼ vSkÞHðBR ¼ RjASk ¼ vSkÞ

¼
X

vSk2C1�����Ck

PrðASk ¼ vSkÞ
X
R2RS
ðPrðBR ¼ RjASk ¼ vSkÞ

logPrðBR ¼ RjASk ¼ vSkÞÞ
¼

X
vSk2C1�����Ck

PrðAQ1
¼ v1Sk ; . . . ; AQk

¼ vkSkÞ
X
R2RS
ðPrðBR ¼ RjAQ1

¼ v1Sk ; . . . ; AQk
¼ vkSkÞ

logPrðBR ¼ RjAQ1
¼ v1Sk ; . . . ; AQk

¼ vkSkÞ:
(25)

As stated previously, DHSk can be regarded as the
mutual information between BR and ASk . Actually, for a set
of queries Sk ¼ fQ1; Q2; . . . ; Qkg, some of the queries are
independent with BR, and with other queries, given the
ground truth and the spacial information. Suppose that
Qi ¼ ðvist; Ci; tÞ, if exists some 1 	 i; j 	 k such that BR!
vist and BR 6! vjst, then PrðAQj

Þ is conditionally independent
with PrðBRÞ and PrðAQi

Þ, i.e.,

8vp 2 Ci; 8vq 2 Cj

PrðAQi
; AQj

jBR! vist; BR 6! vjstÞ
¼ PrðAQi

jBR! vist; BR 6! vjstÞ
� PrðAQj

jBR! vist; BR 6! vjstÞ
¼ PrðAQi

jBR! vist; BR 6! vjstÞ � PrðAQj
Þ:

(26)

Now, for a candidate route set R, we can finally calculate
DðHSkÞ for a given set Sk of queries, by using the Selective
Bayesian networkNðRÞ and the following theorem.

Theorem 4.2. For a candidate route set R, its Selective Bayesian
Network NðRÞ and a given query set Sk, the expected reduc-
tion of selection hardness DHSk is

DHSk ¼ �
X

Sþ
k
ðRÞ6¼;

PrðRÞlogPrðv1R; v2R; . . . ; v
jSþ

k
ðRÞj

R Þ;

(27)

where Sþk ðRÞ ¼ fQ ¼ ðvst; C; tÞ j Q 2 Sk;R! vstg and viR ¼
R \ Ci by supposing that Sþk ðRÞ ¼ fQ1; Q2; . . . ; QjSþ

k
ðRÞjg and

Qi ¼ ðvst; Ci; tÞ.
Proof. Please see in appendix in supplemental file, available

in the online supplemental material. tu

TABLE 3
Supportive Probabilities

Example supportive probabilities

Prðv1jfsgÞ 0.1 Prð:v1jfsgÞ 0.9
Prðv1jf:sgÞ 0 Prð:v1jf:sgÞ 1

Prðv2jfsgÞ 0.1 Prð:v2jfsgÞ 0.9
Prðv2jf:sgÞ 0 Prð:v2jf:sgÞ 1

Prðv3jfsgÞ 0.8 Prð:v3jfsgÞ 0.2
Prðv3jf:sgÞ 0 Prð:v3jf:sgÞ 1

Prðv4jfv2; v3gÞ 0 Prð:v4jfv2; v3gÞ 1
Prðv4jfv2;:v3gÞ 1 Prð:v4jfv2;:v3gÞ 0
Prðv4jf:v2; v3gÞ 0.5 Prð:v4jf:v2; v3gÞ 0.5
Prðv4jf:v2;:v3gÞ 0 Prð:v4jf:v2;:v3gÞ 1

Prðtjfv1; v3; v4gÞ 0 Prð:tjfv1; v3; v4gÞ 1
Prðtjfv1; v3;:v4gÞ 0 Prð:tjfv1; v3;:v4gÞ 1
Prðtjfv1;:v3; v4gÞ 0 Prð:tjfv1;:v3; v4gÞ 1
Prðtjfv1;:v3;:v4gÞ 1 Prð:tjfv1;:v3;:v4gÞ 0
Prðtjf:v1; v3; v4gÞ 1 Prð:tjf:v1; v3; v4gÞ 0
Prðtjf:v1; v3;:v4gÞ 1 Prð:tjf:v1; v3;:v4gÞ 0
Prðtjf:v1;:v3; v4gÞ 1 Prð:tjf:v1;:v3; v4gÞ 0
Prðtjf:v1;:v3;:v4gÞ 0 Prð:tjf:v1;:v3;:v4gÞ 1

The set of all predecessors preðvÞ for each v 2 R

preðsÞ : ; preðv1Þ : fsg preðv2Þ : fsg
preðv3Þ : fsg preðv4Þ : fv2; v3g preðtÞ : fv1; v3; v4g
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The joint probability Prðv1R; v2R; . . . ; v
jSþ

k
ðRÞj

R Þ in Theo-
rem 4.2 can be calculated by reasoning onNðRÞ:

Pr

�
v1R; v

2
R; . . . ; v

jSþ
k
ðRÞj

R

�
¼

YjSþk ðRÞj
i¼1

PrðviRjparentðviRÞÞ;

(28)

where parentðviRÞ ¼ fv j ðv; viRÞ 2 N ðRÞg, namely, the set of
all parents of node viR in the networkNðRÞ.

Thus, instead of estimating DHSk by sampling, the Selec-
tive Bayesian Network NðRÞ is capable to select the best Sk

with Equations (27) and (28). In practice, however, exploring
all possible k combinations and reasoning on them is quite
expensive. So in our algorithm, we also use two relaxations to
improve the efficiency, whichwill be discussed in Section 4.4.

4.4 The Framework of the Algorithm

The best routing query set selected by the Selective Bayesian
Network is given to the crowd. The probability of the
ground-truth answer of a routing query Q is computed by

PrðAQ ¼ vÞ ¼ Prððvst; vÞ 2 BRjBR! vstÞ

¼PrðBR! vstjðvst; vÞ 2 BRÞPrððvst; vÞ 2 BRÞ
PrðBR! vstÞ

¼
P

R2R^ðvst;vÞ2R PrðRÞP
R02R^R0!vst

PrðR0Þ :

(29)

The above equation can be used to compute the pmf for a
given set of route R. For instance, in Fig. 1, for the routing
query Q3, we have pmfðQ3; v3Þ ¼ PrðAQ3

¼ v3Þ ¼ PrðR3Þ=
ðPrðR3Þ þ PrðR4ÞÞ ¼ 0:4=ð0:4þ 0:1Þ ¼ 0:8.

With the answers ASk collected from the crowd, the prob-
abilities of the routes in R can be updated. According to the
conclusion in [1], the final result of the best route distribu-
tion is independent of the sequence of the answers being
utilized. So the answers in ASk can be used to update the
distribution one by one. With each answer AQ ¼ v in ASk ,
suppose that Q ¼ ðvst; C; tÞ, the probability of R 2 R being
the best route is updated by following equation:

PrðBR ¼ RjAQ ¼ vÞ ¼
PrðBR! vstÞPrðBR ¼ RjAQ ¼ v;BR! vstÞ
þ ð1� PrðBR! vstÞÞPrðBR ¼ RjAQ ¼ v;BR 6! vstÞ;

(30)

where PrðBR! vstÞ ¼
P

R2R^R!vst
PrðRÞ. In practice, we

reasonably assume that the crowd workers do not always
give correct answers, so let " be the error rate of the crowd.
The utilization needs to be replaced by

PrðBR ¼ Rjv returned by the crowdÞ ¼
PrðRÞ R 6! vst

PrðRÞð1�"Þ
PrðAQ¼vÞð1�"Þþð1�PrðAQ¼vÞÞ" ðvst; vÞ 2 R

PrðRÞ"
PrðAQ¼vÞð1�"Þþð1�PrðAQ¼vÞÞ" otherwise

8>><
>>:

:
(31)

We formally introduce our algorithm. The framework of
the algorithm is as follows, given a route set R and a budget
limitB,

1) Build the Selective Bayesian NetworkNðRÞ.
2) Repeatedly use NðRÞ to select query set Sk to ask the

crowd and receive k answers.
3) Update the probabilities of all routes in R with the

crowdsourced k answers.
4) Repeat 2 and 3 until the budget B is used up, and

then report the most likely best route.

Algorithm 2. k-Selection With Selective Bayesian Net

Input: A path set R and its query set Q, the number k of queries
per round and the total budget B

Output: The most likely best route Build the Selective Bayesian
networkNðRÞ according to Lemma 4.1

while B 6¼ 0 do
Set Sk ¼ ;
while jSkj < k do
for each Q 2 Q do

Calculate DHSk[Q withNðRÞ and Theorem 4.2
end
Set Qmax ¼ argmaxQ2Q DHSk[Q
Add Qmax into Sk and remove it from Q

end
Ask queries in Sk to crowd and receive the corresponding
answers ASk

for each answer v 2 ASk do
for each R 2 R do
Set PrðRÞ ¼ PrðBR ¼ RjvÞwith Formula (31)

end
end
Set B ¼ B� k
if B < k then
k ¼ B

end
end
return the route Rwith the maximum PrðRÞ

Please note that in implementation we modularize the
algorithm into offline part and online part. The Selective
Bayesian Network is built offline for efficiency. The spacial
relations between the routes and the vertices are also com-
puted offline, and then stored in a spacial information table
TsiðRÞ, which supports queries of form “R! v?” within lin-
ear time. As stated above, precise reasoning on all possible
combinations of Sk in each round is too expensive, so we
use two relaxations. The first one is the same with the sam-
pling-based approach in [1], namely, to approximate the
best Sk by incrementally selecting queries, as in Lines 5 - 9
in Algorithm 2. The second relaxation is use sampling-
based reasoning instead of precise reasoning, when calcu-
lating DHSk in Line 6. Although the joint probabilities
needed in the calculation is also estimated by sampling, the
precision is higher with the help of the spacial causalities
embedded in NðRÞ. There are lots of samplers available,
including Gibbs [17], Hamiltonian Monte Carlo[18],
Metropolis-Hastings[19], etc. In our work, we use the basic
Gibbs sampling for the reasoning onNðRÞ.

5 EXPERIMENTAL EVALUATION

In this section, we report the experimental study to validate
the effectiveness and efficiency of our proposals. First, we
use synthetic data and a simulated crowd to explore wide
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rages of values for the parameters. Second, we conduct an
experiment with real-world datasets to verify our conclu-
sions on the synthetic data.

In the experiments, we compare the performances of the
following three categories of algorithms.

1) (ours-k = x) k-selection with Selective Bayesian Net-
work, with k ¼ 1; 2; 4, our method proposed in
Section 3.

2) (baseline-k = x) sampling-based algorithm proposed
in [1], with k ¼ 1; 2; 4.

3) (random) a naive algorithm - to select a random set of
queries, with k ¼ 1; 2; 4, to ask the crowd in each
round.

In the rest of the paper, for the random selection, we only
plot k ¼ 1, and omit k ¼ 2; 4, because the three curves
almost coincides in all settings - selecting one random query
is basically the same with selecting multiple random queries
per round.

5.1 Simulation on Synthetic Data

We compare the performances of the above algorithms with
the error rate of the crowd " ¼ 0:1; 0:2; 0:3, and the total
sample size m ¼ 30k; 60k; 120k. The route sets with a best
route distributions are randomly generated, and for each of
them, the corresponding query set and pmf are then calcu-
lated. Then several best routes are sampled according to the
distribution, and for each best route, we run the competing
algorithms separately and finally plot the results, as shown

in Fig. 4. We summarize the experimental result in follow-
ing aspects.

Varying sample size. The sample size for probability esti-
mation, m, is set to 30k, 60k and 12k, respectively. The per-
formances are directly effected by the sample size, as
during the computation, some required probabilities are
estimated with the samples. In the result in Fig. 4, it is obvi-
ous that our method is much less sensitive about the sample
size compared with the baseline. With the decrease of the
sample size, the advantage of our proposal becomes more
significant.

Varying Number of Queries per Round. The number of rout-
ing queries to select each round, k, is set to 1, 2 and 4. As
shown in Fig. 4, smaller k tends to be more effective on
reducing the selection hardness, for both our proposal and
the baseline. This is partially because the bigger k is, the
more complex the correlation among the queries is, thus the
less precisely the sample estimates the joint probabilities, if
we fix the sample size. Another reason is that each routing
query is selected based on the previously crowdsourced
answers. The bigger k is, the less frequently the best route
distribution is updated by the crowd. Interestingly, for our
method, when k is increasing, the performance degradation
is relatively small, in terms of the descent rate and the mini-
mum number of queries to bring HðBRÞ down to 0. The
only exception is in the roughest setting, " ¼ 0:3;m ¼ 30k,
yet our approach even with k ¼ 4 is still better than the
baseline with k ¼ 1.

Varying Error Rate. The error rate of the crowd, ", is set to
0.1, 0.2 and 0.3. For all the algorithms, the lower " is, the

Fig. 4. Error rate " ¼ 0:1; 0:2; 0:3" ¼ 0:1; 0:2; 0:3 and sample size m ¼ 30k; 60k; 120km ¼ 30k; 60k; 120k.
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faster the performance converges. For a crowd with higher
accuracy, smaller amount of the queries are necessary to
suggest a best route.

Different Algorithms. The result in Fig. 4 shows that for
any combination of ";m; k, our approach dominates the
baseline and the random algorithms. In most cases, our
approach with k ¼ 4 shows even better performance than
the baseline with any k.

We can conclude that the k-selection with the Selective
Bayesian Network is much less sensitive about the sample
size m, the query batch size k and the error rate of the crowd
". The spacial causalities provided by the Selective Bayesian
Network make the routing query selection much more sta-
ble and robust.

5.2 Verification on Real Data

We use five real-world road-network datasets, namely, Cali-
fornia RoadNetwork (CA), San Francisco RoadNetwork (SF),
Road Network of North America (NA), City of San Joaquin
County RoadNetwork (TG) andCity of Oldenburg RoadNet-
work (OL) [20], [21]. The road networks in these datasets are
obtained from Digital Chart of the World Server. Although
each of the above datasets contains a lot of nodes and paths,
the data is actually not dense enough in terms of routing
queries. For a given pair of locations, the number of intersec-
tions of different routes is usually small, whichmakes the total
number of routing queries small. So in the experiment we use
a data augmentation to supplement necessary routing queries
to deal with the query sparsity of the data. With the data aug-
mentation, we construct 25 route sets (5 from each dataset),
and each route set contains more than 60 routing queries. For
each route set, we calculate the distribution of the best route
according to the normalized costs of the routes, and then sam-
ple the best route according to the distribution for 10 runs of
algorithms, with k = 1,2 and 4 respectively. We test totally 750
runs on the real-world road networks for each algorithm. As
shown in Fig. 5, the result is consistent with synthetic data.
Our best route selection with the Selective Bayesian Network
performs better on all datasets.

5.3 Effectiveness and Time Cost

Below we conduct experiments to exhibit the goodness of
paths selected by the crowd. It worth mentioning that for
these 25 route sets from real-world data, the precision of each
algorithms except random is quite high, after asking 60 rout-
ing queries. Sowe vary the budgetB = 10, 20, 30, 60, to test the
performances of the algorithms when the budget is limited.
As shown in Fig. 6, our method performs better than others in
terms of precision. In most cases, the precision of our method
is close to 100 percent evenwith a budget of only 10 queries.

Moreover, we also test the average time cost of our algo-
rithm with k = 1, 2 and 4, on all the datasets. As shown in
Fig. 7, for all the route sets from the real data, our algorithm
successfully selects 60 best routing queries and then suggests
a best route with nearly 100 percent precision within 90 sec-
onds, which is impressive for a crowdsourcing framework.

6 RELATED WORKS

6.1 Crowdsourcing

The recent development of crowdsourcing brings us a brand
new opportunity to engage human intelligence in the process
of answering queries (see [22] as a survey). Crowdsourcing
provides a new problem-solving paradigm [23], [24], which
has beenblended into several research communities. In partic-
ular, crowdsourcing-based data management techniques
have recently attracted much attention in the database and
data mining communities. From a practical viewpoint, [25]
proposed and developed a query processing system using
microtask-based crowdsourcing to answer queries.Moreover,
in [26], a declarative query model is proposed to cooperate
with standard relational database operators. In addition, from
the viewpoint of theoretical study, many fundamental queries
have been extensively studied, including filtering [27], max

Fig. 5. Comparison on real datasets: CA, SF, NA, TG and OL.

Fig. 6. Precision with budget B=10, 20, 30, 60.

Fig. 7. Average time cost.
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[28], sorting [29], join [29], [30], and so on. Besides, crowd-
sourcing-based solutions of many complex algorithms have
also been developed, such as categorization based on graph
search [15], clustering [31], entity resolution [32], [33], analysis
over social media [34], and tagging in social networks [35],
trip planning [36], patternmining [37] etc.

6.2 Path Recommendation With Crowd

Finding the most desirable path has now been receiving tre-
mendous research interest for decades [38], [39], [40]. The
most popular topic in this area is shortest path finding,
which has been extensively studied for over fifty years. If
the weight on each edge represents travel time, shortest
path finding becomes fastest path finding. Such as, the
authors in [38] introduce a favorite route proposal scheme
to provide route recommendations, and the scheme they
proposed can generate better recommendations than alter-
native learning algorithms. Specifically, the work in [41]
considers the availability of routes for different users. Two
efficient algorithms are proposed in[42], which uses mini-
mum on-road travel cost function. The authors in [39]
improve the performance of batch shortest path algorithms
they proposed by revisiting the problem of query clustering,
and three query decomposition methods are proposed for
fast query clustering.

In addition, approaches in [43], [44], [45], [46] predict the
future trajectory by introducing deep learningmodels. To help
route decision, the approach in [43] uses RNN to build a trajec-
tory model, assuming that the itinerary of the destination link
is a known parameter. In [4], a deep probabilistic model is pre-
sented, which unifies three key explanatory factors for most
likely route prediction. Moreover, in order to effectively share
the statistical strength, an adjoint generative model is pro-
posed to learn representations of k-destination proxies.

To the best of our knowledge, this is the first work study-
ing the path selection problem with the help of crowd. The
essential objective is to make it easier for users to select the
best path among a number of candidates. The authors in
[47] propose a system to leverage crowds’ knowledge to
improve the quality of recommended routes. This paper
distinguishes itself with [47] from the following aspects:
first, we ask the crowd to identify the direction at each road
intersection; second, we adjust the distribution of recom-
mended paths, rather than identify the very best one.

7 CONCLUSION AND FUTURE WORK

A GPS-based navigation system usually suggests multiple
paths for a pair of given source and target. Therefore, a strug-
gling problem for users is to select the best one among them,
namely the best path selection problem. Too many suggested
paths may jeopardize the usability of recommendation data,
and decrease user satisfaction. Although existing studies have
partially solved this problem through integrating historical
traffic logs or updating traffic conditions periodically, their
solutions neglect the potential contribution of human experi-
ences. In this paper, we resort to crowdsourcing to ease the
pain of best path selection. In particular, we design two types
of questions, namely Routing Query (RQ) and Binary Routing
Query (BRQ), to ask the crowd to decide the direction at each
road intersection. We consider the problem of selecting the

best k RQs. Furthermore, we propose a series of efficient algo-
rithms, which dynamically manage the questions in order to
reduce the selection hardness with a limited budget of ques-
tions. Finally, we verified the effectiveness and efficiency of
our proposed approaches through experimentswith synthetic
and real-world datasets.

There are many further research directions to explore.
First, an immediate interesting topic is how to create one
HIT with multiple RQ=BRQ questions. To do this, our exact
formulation has to be modified since some questions would
have been answered by the same worker, so the assumption
that each question is independently answered does not
hold. In future works, we would be interested in examining
the trade-off between this decrease in data quality and the
cost savings due to larger HITs. Second, although we pro-
posed in this paper an efficient approach to recommend the
best path by k-RQ selection, we omitted the take into
account manpower scheduling problem in crowdsourcing
and the delay to get the answers of the crowd. It will be
more practical and interesting to design and conduct some
real-world experiments to further verify our framework.
Last, in our approach, we did not consider the cases that
some workers failed to return their answers. In our current
framework, we can simply ignore a crowdsourcing worker
if no answer is returned. In other words, the worker fails to
provide any useful observation to lower the uncertainty of
the best path. But it is more interesting to model the failure
rate of returning answers to see what happens. We leave
these interesting topics for future work.

ACKNOWLEDGMENTS

Chen Zhang and Haodi Zhang have contributed equally to
this work. The authors are grateful to the crowd workers for
their efforts to complete the experiment. The work was par-
tially supported by the National Natural Science Foundation
of China under Grants NSFC-61806132 and 61729201, Tencent
Rhino-Bird Open Fund, Hong Kong RGC GRF Project
16202218 CRF Projects C6030-18G, C1031-18G, C5026-18G,
AOE Project AoE/E-603/18, Guangdong Basic and Applied
Basic Research Foundation 2019B151530001, Hong Kong ITC
ITF grants ITS/044/18FX and ITS/470/18FX, Microsoft
Research Asia Collaborative Research Grant, Didi-HKUST
joint research lab project, and Wechat and Webank Research
Grants.

REFERENCES

[1] C. J. Zhang, Y. Tong, and L. Chen, “Where to: Crowd-aided path
selection,” Proc. VLDB Endowment, vol. 7, no. 14, pp. 2005–2016,
2014.

[2] W. Luo, H. Tan, L. Chen, and L. M. Ni, “Finding time period-
based most frequent path in big trajectory data,” in Proc. ACM
SIGMOD Int. Conf. Manage. Data, 2013, pp. 713–724.

[3] H. V. Jagadish et al., “Making database systems usable,” in Proc.
ACM SIGMOD Int. Conf. Manage. Data, 2007, pp. 13–24.

[4] X. Li, G. Cong, and Y. Cheng, “Spatial transition learning on road
networks with deep probabilistic models,” in Proc. IEEE 36th Int.
Conf. Data Eng., 2020, pp. 349–360.

[5] K. Zheng, Y. Zheng, X. Xie, and X. Zhou, “Reducing uncertainty of
low-sampling-rate trajectories,” in Proc. IEEE 28th Int. Conf. Data
Eng., 2012, pp. 1144–1155.

[6] H. Su, K. Zheng, H. Wang, J. Huang, and X. Zhou, “Calibrating
trajectory data for similarity-based analysis,” in Proc. ACM SIG-
MOD Int. Conf. Manage. Data, 2013, pp. 833–844.

ZHANG ETAL.: WHERE TO: CROWD-AIDED PATH SELECTION BY SELECTIVE BAYESIAN NETWORK 1085

Authorized licensed use limited to: SHENZHEN UNIVERSITY. Downloaded on July 13,2025 at 14:11:11 UTC from IEEE Xplore.  Restrictions apply. 



[7] C. J. Zhang, L. Chen, H. V. Jagadish, M. Zhang, and Y. Tong,
“Reducing uncertainty of schema matching via crowdsourcing
with accuracy rates,” IEEE Trans. Knowl. Data Eng., vol. 32, no. 1,
pp. 135–151, Jan. 2020.

[8] C. J. Zhang, L. Chen, Y. Tong, and Z. Liu, “Cleaning uncertain
data with a noisy crowd,” in Proc. 31st IEEE Int. Conf. Data Eng.,
2015, pp. 6–17.

[9] L. Liu, J. Xu, S. S. Liao, and H. Chen, “A real-time personalized
route recommendation system for self-drive tourists based on
vehicle to vehicle communication,” Expert Syst. Appl., vol. 41,
no. 7, pp. 3409–3417, 2014.

[10] V. Mnih et al., “Human-level control through deep reinforcement
learning,” Nature, vol. 518, no. 7540, pp. 529–533, 2015.

[11] H. Park and J. Widom, “Query optimization over crowdsourced
data,” Proc. VLDB Endowment, vol. 6, no. 10, pp. 781–792, 2013.

[12] M. DeGroot and M. Schervish, Probability and Statistics. Reading,
MA, USA: Addison-Wesley, 2002.

[13] A. P. Dawid, “Conditional independence in statistical theory,” J.
Roy. Statist. Soc. Ser. Methodol., vol. 41, no. 1, pp. 1–31, 1979.

[14] H. Su, J. Deng, and L. Fei-Fei , “Crowdsourcing annotations for
visual object detection,” in Proc. 4th Hum. Comput. Workshop, 2012,
pp. 40–46.

[15] A. G. Parameswaran, A. D. Sarma, H. Garcia-Molina , N. Polyzo-
tis, and J. Widom, “Human-assisted graph search: It’s okay to ask
questions,” Proc. VLDB Endowment, vol. 4, no. 5, pp. 267–278, 2011.

[16] M. C. Thomas and A. Thomas Joy, Elements of Information Theory,
vol. 3. New York, NY, USA: Wiley, 1991, pp. 37–38.

[17] S. Geman and D. Geman, “Stochastic relaxation, Gibbs distribu-
tions, and the Bayesian restoration of images,” IEEE Trans. Pattern
Anal. Mach. Intell., vol. 6, no. 6, pp. 721–741, Nov. 1984.

[18] S. Duane, A. Kennedy, B. J. Pendleton, and D. Roweth, “Hybrid
Monte Carlo,” Phys. Lett. B, vol. 195, no. 2, pp. 216–222, 1987.

[19] W. D. Hastings, “Monte Carlo sampling methods using Markov
chains and their applications,” Biometrika, vol. 57, no. 1, pp. 97–
109, 1970.

[20] M. L. Yiu, D. Papadias, N. Mamoulis, and Y. Tao, “Reverse nearest
neighbors in large graphs,” IEEE Trans. Knowl. Data Eng., vol. 18,
no. 4, pp. 540–553, Apr. 2006.

[21] X. Xiao, B. Yao, and F. Li, “Optimal location queries in road net-
work databases,” in Proc. IEEE 27th Int. Conf. Data Eng., 2011,
pp. 804–815.

[22] A. Doan, R. Ramakrishnan, and A. Y. Halevy, “Crowdsourcing
systems on the world-wide web,” Commun. ACM, vol. 54, no. 4,
pp. 86–96, 2011.

[23] D. C. Brabham, “Crowdsourcing as a model for problem solving
an introduction and cases,” Convergence, vol. 14, no. 1, pp. 75–90,
2008.

[24] T. Malone, R. Laubacher, and C. Dellarocas, “Harnessing crowds:
Mapping the genome of collective intelligence,” MIT, Sloan School
of Management, Massachusetts Institute of Technology, Cam-
bridge, MA, USA, Research Paper No. 4732–09, Feb. 2009, sloan
Research Paper No. 4732–09.

[25] A. Feng et al., “CrowdDB: Query processing with the VLDB
crowd,” Proc. VLDB Endowment, vol. 4, no. 12, pp. 1387–1390,
2011.

[26] A. G. Parameswaran and N. Polyzotis, “Answering queries using
humans, algorithms and databases,” in Proc. Conf. Innovative Data
Syst. Res., 2011, pp. 160–166.

[27] A. G. Parameswaran, H. Garcia-Molina , H. Park, N. Polyzotis, A.
Ramesh, and J. Widom, “CrowdScreen: Algorithms for filtering
data with humans,” in Proc. ACM SIGMOD Int. Conf. Manage.
Data, 2012, pp. 361–372.

[28] S. Guo, A. G. Parameswaran, and H. Garcia-Molina, “So who
won?: Dynamic max discovery with the crowd,” in Proc. ACM
SIGMOD Int. Conf. Manage. Data, 2012, pp. 385–396.

[29] A. Marcus, E. Wu, D. R. Karger, S. Madden, and R. C. Miller,
“Human-powered sorts and joins,” Proc. VLDB Endowment, vol. 5,
no. 1, pp. 13–24, 2011.

[30] J. Wang, G. Li, T. Kraska, M. J. Franklin, and J. Feng, “Leveraging
transitive relations for crowdsourced joins,” in Proc. ACM SIG-
MOD Int. Conf. Manage. Data, 2013, pp. 229–240.

[31] R.Gomes, P.Welinder,A.Krause, andP. Perona, “Crowdclustering,”
inProc. Int. Conf. Neural Inf. Process. Syst., 2011, pp. 558–566.

[32] J. Wang, T. Kraska, M. J. Franklin, and J. Feng, “CrowdER:
Crowdsourcing entity resolution,” Proc. VLDB Endowment, vol. 5,
no. 11, pp. 1483–1494, 2012.

[33] S. E. Whang, P. Lofgren, and H. Garcia-Molina , “Question selec-
tion for crowd entity resolution,” Proc. VLDB Endowment, vol. 6,
no. 6, pp. 349–360, 2013.

[34] C. C. Cao, J. She, Y. Tong, and L. Chen, “Whom to ask? Jury selec-
tion for decision making tasks on micro-blog services,” Proc.
VLDB Endowment, vol. 5, no. 11, pp. 1495–1506, 2012.

[35] M. Das, S. Thirumuruganathan, S. Amer-Yahia , G. Das, and C.
Yu, “Who tags what? An analysis framework,” Proc. VLDB
Endowment, vol. 5, no. 11, pp. 1567–1578, 2012.

[36] H. Kaplan, I. Lotosh, T. Milo, and S. Novgorodov, “Answering
planning queries with the crowd,” Proc. VLDB Endowment, vol. 6,
no. 9, pp. 697–708, 2013.

[37] Y. Amsterdamer, Y. Grossman, T. Milo, and P. Senellart, “Crowd
mining,” in Proc. ACM SIGMOD Int. Conf. Manage. Data, 2013,
pp. 241–252.

[38] P. Campigotto, C. Rudloff, M. Leodolter, and D. Bauer,
“Personalized and situation-aware multimodal route recommen-
dations: The FAVOUR algorithm,” IEEE Trans. Intell. Transp. Syst.,
vol. 18, no. 1, pp. 92–102, Jan. 2017.

[39] Y. Liu, K. Zhao, G. Cong, and Z. Bao, “Online anomalous trajec-
tory detection with deep generative sequence modeling,” in Proc.
IEEE 36th Int. Conf. Data Eng., 2020, pp. 949–960.

[40] L. Li, S. Wang, and X. Zhou, “Time-dependent hop labeling on
road network,” in Proc. 35th IEEE Int. Conf. Data Eng., 2019,
pp. 902–913.

[41] M. S. Rahaman, Y. Mei, M. Hamilton, and F. D. Salim, “CAPRA: A
contour-based accessible path routing algorithm,” Inf. Sci.,
vol. 385, pp. 157–173, 2017.

[42] L. Li, K. Zheng, S. Wang, W. Hua, and X. Zhou, “Go slow to go
fast: Minimal on-road time route scheduling with parking facilities
using historical trajectory,”VLDB J., vol. 27, no. 3, pp. 321–345, 2018.

[43] H. Wu, Z. Chen, W. Sun, B. Zheng, and W. Wang, “Modeling tra-
jectories with recurrent neural networks,” in Proc. 26th Int. Joint
Conf. Artif. Intell., 2017, pp. 3083–3090.

[44] J. Zhao, J. Xu, R. Zhou, P. Zhao, C. Liu, and F. Zhu, “On prediction
of user destination by sub-trajectory understanding: A deep learn-
ing based approach,” in Proc. 27th ACM Int. Conf. Inf. Knowl. Man-
age., 2018, pp. 1413–1422.

[45] J. Feng et al., “DeepMove: Predicting human mobility with atten-
tional recurrent networks,” in Proc. World Wide Web Conf., 2018,
pp. 1459–1468.

[46] Y. Chen, C. Long, G. Cong, and C. Li, “Context-aware deep model
for joint mobility and time prediction,” in Proc. 13th Int. Conf. Web
Search Data Mining, 2020, pp. 106–114.

[47] H. Su, K. Zheng, J. Huang, H. Jeung, L. Chen, and X. Zhou,
“CrowdPlanner: A crowd-based route recommendation system,”
in Proc. IEEE 30th Int. Conf. Data Eng., 2014, pp. 1178–1181.

Chen Zhang (Member, IEEE) received the PhD
degree from the Department of Computer Sci-
ence and Engineering, Hong Kong University of
Science and Technology, Hong Kong, in 2015. He
is currently a research assistant professor with
the Department of Computing, Hong Kong Poly-
technic University, Hong Kong, China. Before
joining the Department, he worked as a senior
manager of the Big Data Institute, HKUST. He is
broadly interested in crowdsourcing, fintech, and
machine learning.

Haodi Zhang received the PhD degree from the
Department of Computer Science and Engineer-
ing, Hong Kong University of Science and Tech-
nology, Hong Kong, in 2016. He is currently a
principal investigator with the Shanghai Research
Center for Brain Science and Brain-Inspired
Intelligence, Shanghai, China, and an assistant
professor with the College of Computer Science
and Software Engineering, Shenzhen Univer-
sity, Shenzhen, China.

1086 IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 35, NO. 1, JANUARY 2023

Authorized licensed use limited to: SHENZHEN UNIVERSITY. Downloaded on July 13,2025 at 14:11:11 UTC from IEEE Xplore.  Restrictions apply. 



Weiteng Xie received the bachelor’s degree from
the College of Physics and Electronic Science,
Hubei Normal University, Huangshi, China, in
2018. He is currently working toward the master’s
degree in the College of Computer Science and
Software Engineering, Shenzhen University,
Shenzhen, China and Guangdong Laboratory of
Artificial Intelligence and Digital Economy,
Shenzhen, China.

Nan Liu is currently working toward the undergrad-
uate degree in theComputer Science andEngineer-
ing Division, College of Engineering, University of
Michigan, AnnArbor,Michigan, and is currently visit-
ing Shenzhen University. His research interests
include crowdsourcing, crowd-aided uncertainty
reduction, path selection, etc.

Kaishun Wu (Member, IEEE) received the PhD
degree from the Department of Computer Sci-
ence and Engineering, Hong Kong University of
Science and Technology, Hong Kong, in 2011. He
is currently a distinguished professor with the
College of Computer Science and Software Engi-
neering, Shenzhen University and Guangdong
Laboratory of Artificial Intelligence and Digital
Economy, Shenzhen, China.

Lei Chen, (Fellow, IEEE) received the PhD degree
in computer science from theUniversity ofWaterloo,
Waterloo, Canada, in 2005. He is currently a profes-
sor with the Department of Computer Science and
Engineering, Hong Kong University of Science and
Technology. His research interests include crowd-
sourcing over social media, social media analysis,
probabilistic and uncertain databases, and privacy-
preserved data publishing.

" For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/csdl.

ZHANG ETAL.: WHERE TO: CROWD-AIDED PATH SELECTION BY SELECTIVE BAYESIAN NETWORK 1087

Authorized licensed use limited to: SHENZHEN UNIVERSITY. Downloaded on July 13,2025 at 14:11:11 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /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 (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


