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Abstract

Structured Web search incorporating data from
structured sources into search engine results has at-
tracted much attention from both academic and in-
dustrial communities. To understand user’s intent,
query structure interpretation is proposed to ana-
lyze the structure of queries in a query log and map
query terms to the semantically relevant attributes
of data sources in a target domain. Existing meth-
ods assume all queries should be classified to the
target domain, and thus they are limited when in-
terpreting queries from different domains in real
query logs. To address the problem, we introduce a
human-machine hybrid method by utilizing crowd-
sourcing platforms. Our method selects a small
number of query terms and asks the crowdsourcing
workers to interpret them, and then infers the inter-
pretations based on the crowdsourcing results. To
improve the performance, we propose an iterative
probabilistic inference method based on a similar-
ity graph of query terms, and select the most useful
query terms for crowdsourcing by considering their
domain-relevance and gained benefit. We evaluate
our method on a real query log, and the experimen-
tal results show that our method outperforms the
state-of-the-art method.

1

Structured Web search incorporates the results from struc-
tured data sources into Web search, and it has attracted much
attention from both academic and industrial communities.
Many commercial search engines, such as Google and Ya-
hoo, have begun to offer structured Web search to effectively
answer users’ queries which target the structured data in var-
ious domains-of-interest, e.g., products, movies, etc.

A key problem of structured Web search is how to interpret
a keyword query by not only identifying the target domain
of the query, but also mapping query terms to their seman-
tically relevant attributes in the domain. For example, given
a keyword query “Seattle Microsoft jobs”, we need to
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first identify the target domain is JOB, and then respectively
map “Seattle” and “Microsoft” to the attributes, i.e., lo-
cation and company in the JOB domain.

In order to accurately interpret queries, this paper studies
the query structure interpretation problem. Consider a query
log from a search engine and a target domain. For every query
in the log, we generate a set of structure interpretations for
the terms in the query, where each structure interpretation (or
interpretation for simplicity) is a mapping from a term to an
attribute in the domain (e.g., a mapping from “Microsoft”
to the company attribute). The generated interpretations can
be used to interpret online queries in structured Web search.

Previous works for query structure interpretation have pro-
posed methods to identify the query intent and extract se-
mantic structure of named entities [Li, 2010; Li et al., 2009;
Sarkas er al., 2010; Manshadi and Li, 2009; Cheung and Li,
2012]. The methods employ supervised (e.g., conditional ran-
dom field, CRF) or semi-supervised (e.g., semi-CRF) meth-
ods to interpret queries from a small number of correct inter-
pretations (i.e., the “seeds”). However, the existing methods
assume all queries have been ideally classified into the tar-
get domain, which is impractical to real query logs consisting
of queries in various domains. Our experimental result also
shows that, even applying an effective query classifier, these
methods still achieve low interpretation accuracy.

The limitation of the machine-based methods can be al-
leviated with the help of crowdsourcing by utilizing well-
established platforms such as Amazon Mechanical Turk
(AMT), since human are good at interpreting queries from
different domains. [Demartini et al., 2013] proposes a frame-
work by publishing all uninterpreted queries for crowdsourc-
ing. This method, however, is costly and time-consuming
given the large scale of query logs. To address the prob-
lem, we introduce a human-machine hybrid method to select
a small number of query terms for crowdsourcing and best
utilize the crowdsourcing results for effective interpretation.

This paper studies the research challenges that naturally
arise in the proposed method. The first challenge is, given
a user-defined budget £ (i.e., the maximal number of micro-
tasks), how to select the “most useful” k£ terms for crowd-
sourcing. To address this challenge, our method considers
two factors to quantify the usefulness of a term: 1) its rele-
vance to the target domain and 2) the benefit, i.e., the reduc-
tion of overall error, if the term is correctly interpreted. The



second challenge is how to utilize the crowdsourced interpre-
tations to infer other interpretations. We introduce an iterative
probabilistic inference model based on a similarity graph of
query terms. We prove that the iteration would converge and
show the effectiveness of the model in experiments.

To summarize, we make the following contributions.

1) To the best of our knowledge, this paper is the first to
study the problem of crowdsourcing-assisted query structure
interpretation given budget constraints.

2) We introduce an iterative probabilistic inference model
to fully utilize crowdsourcing results, and develop an effec-
tive method for selecting query terms for crowdsourcing.

3) We have conducted experiments on real datasets, and
the experimental results show that our method outperforms
the state-of-the-art method at a low money cost.

This paper is organized as follows. The problem is formu-
lated in Section 2. We introduce our crowdsourcing-assisted
method in Section 3, and report the experimental result in
Section 4. The related work is reviewed in Section 5 and we
conclude the paper in Section 6.

2 Problem Formulation

Our work considers a query log @ = {Q1,Q2,...,Q|g|}
where each query @ consists of a set of query terms, denoted
by Q@ = {q1,42,...,q0,}- Table 1 provides an example log
containing 14 queries. We also consider a domain-of-interest
(or domain for simplicity) with a set of attributes, denoted
by D = {A1, Az, ..., Ajp}. For example, the JOB domain
containing the employment information has three attributes,
i.e., location, company, and position.

Given a query ) € Q, we aim to interpret the structure of
@ by mapping each term ¢ € @ to its semantically relevant
attribute in the domain D. Specifically, a term is semantically
relevant to an attribute, if and only if the term refers to the
values or the name of the attribute. For example, the term
“Microsoft” is semantically relevant to attribute company,
since it refers to a value of the attribute. Formally, we define
the mapping from a term to its semantically relevant attribute.

Definition 1 (Query Term Interpretation). An interpreta-
tion of term q, denoted by 12, is a pair (q, A) where A € D
is a domain attribute which is semantically relevant to q.

In particular, we also consider the case that g refers to the
domain D, e.g., the term “jobs” in Table 1 referring to the
JOB domain, and formally denote it as I f .

Then, we define the problem of query structure interpreta-
tion by considering all the term interpretations.

Definition 2 (Query Structure Interpretation). Given each
query QQ € Q, the problem finds a set of query term interpre-
tations, i.e., Ig = {I}* | ¢ € Q, A € D}.

For instance, given the JOB domain, query (J; in Table 1
can be interpreted as Ig, = {(“Seattle”,location ),
(“Microsoft”,company ), (“job”,JOB ) }.

Note that our work does not assume that all queries be-
long to the domain D, which is different from existing
methods [Li, 2010; Li et al., 2009; Sarkas et al., 2010;
Manshadi and Li, 2009]. Some queries in Table 1 are irrele-
vant to the JOB domain, e.g., Qg about the restaurant infor-
mation and ()13 about the hotel information.
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Table 1: An example query log
ID  Query ‘ ID Query

Google restaurant
programmer salary
HR salary
developer salary

@1  Seattle Microsoft jobs Qs
@2 Seattle google jobs Qo
Qs  Seattle programmer jobs | Q1o
@4+  Washington google jobs | Q11
@s Google jobs Q12  Seattle renting
Qs Washington jobs Q13  Seattle hotel

Q7 Seattle HR Q14  Seattle restaurant

199999 | Interpretations
38832

Crowdsourcing Iterative Inference Model
Platform
Small amounts of l
queryterms o
Q21D
i 0, > 1(Q) 3

Query Log Query Interpretations

Figure 1: An overview of our crowd-assisted method

3 A Crowdsourcing-Assisted Method

Our method differs from existing query structure interpreta-
tion techniques in two key aspects. First, our method lever-
ages the intelligence of crowdsourcing workers to interpret
queries from different domains since the workers are good at
identifying domain-relevant queries and providing accurate
interpretation. Second, the method utilizes a crowd-machine
hybrid framework to avoid asking the workers all queries in
the log, and thus controls the crowdsourcing cost. Figure 1
provides an overview of our method consisting of two phases.
Phase I: Query Term Selection. This step is to select a small
number of terms with significant usefulness and generate mi-
crotasks for the terms. Specifically, a microtask includes a
term as well as the query containing the term, and provides
candidate domain attributes'. When presented with the mi-
crotask, the workers are asked to choose the attributes seman-
tically relevant to the corresponding term. Based on workers’
choices, we obtain a set of crowdsourced interpretations.
Phase II: Interpretation Inference. This step is to infer the
structure interpretation for each query in the log. The infer-
ence takes two kinds of known interpretations as input: 1)
a very small number of seed interpretations that maps terms
to correct attributes, and 2) the crowdsourced interpretations
generated in Phase I. It bootstraps the known term interpreta-
tions to predict the unknown ones, and outputs I for each
@ € Q. For effective inference, we propose a graphical
model to capture the relationship of query terms, and develop
iterative inference based on the graph.

"There is also a “none-of-the-above” choice to indicate the term
is irrelevant to the domain



Since the usefulness of a term depends on how we use it in
the inference, we first introduce the inference model in Sec-
tion 3.1, while assuming we have obtained the crowdsourced
interpretations. Then, we present how to select query terms
for crowdsourcing in Section 3.2.

Table 2: Nodes in the I-graph

ID Term | ID  Term | ID  Term

q1  Seattle qs  restaurant qo  jobs

q2  Microsoft qs  Washington | q;9 hotel

qs Google q7  developer g1 HR

q4 programmer | gg  renting q12 salary
q3 q7 4s

. 0.56 & q>

'@ Seed Node

O Crowdsourced Node

Figure 2: The I-Graph for the queries in Table 1

3.1 Iterative Probabilistic Inference Model

Probabilistic Modeling for Candidate Interpretations.
Given a term ¢, we consider all the attributes that are possibly
relevant to it, and generate candidate interpretations. Then,
for each candidate I}, we introduce a probability P(1, qA) to
model the confidence of the interpretation. The larger the
probability P(Iz') is, the more likely term ¢ can be inter-
preted as attribute A. Considering all the candidate interpre-
tations of ¢, we introduce a candidate vector.

Definition 3 (Candidate Interpretation Vector). Given a
query term q, its candidate interpretation vector consists of
the probabilities between q to all attributes in D, denoted by

P, = (P(I2), P(I22),..., P(I;'™)).
Given the candidate vector of term ¢, we take the one with
the maximal probability as the best interpretation of g, i.e.,

A A; A;
I} = argmax{P(I;")}, P(I;") € P,. (D)

In particular, if all probabilities in P, are smaller than a
pre-defined threshold (e.g., 0.501 in our experiments), we re-
gard term ¢ as an domain-irrelevant term. For example, the
term “renting” in (J15 is irrelevant to domain JOB.

The key challenge in Equation (1) is to estimate the prob-
ability P([, ;‘) for each candidate interpretation in the vector.
To address the challenge, we develop an inference method
based on an interpretation graph.

Interpretation Graph (I-Graph).

The interpretation graph is used to capture the relationship

of query terms, which is formally defined as follows.

Definition 4 (Interpretation Graph). An interpretation
graph is an undirected graph, denoted by G(T,E), where T
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represents all query terms in the log, i.e., T = U1<i<|Q| Q;.
Each term q € T is associated with its candidate vector P
If two terms q; and q; are similar to each other, there exists
an edge e € £ with weight w(q;, ;).

Figure 2 and Table 2 provide an example I-graph based on
the query terms in Table 1. We can see that each node cor-
responds to a query term, and nodes are connected by edges
weighted with normalized similarities. For example, the two
nodes g5 (i.e., “Microsoft”) and g3 (i.e., “Google”) are con-
nected by an edge with weight 0.38.

We propose a novel method to measure the similarity be-
tween two query terms. Since Web queries are usually very
short, i.e., the number of terms in a query is small [Cui et al.,
2002], traditional string similarity measures, such as Jaccard,
are rather limited. To address this problem, we introduce the
context similarity. The basic idea is that two terms ¢; and
g; are similar if the queries containing g; is similar to those
containing ¢;. Formally, we introduce the query context.

Definition 5 (Context of Query Term). The context of a
term q € Q with respect to query Q, denoted by C(q | Q), is
the set of terms in Q) without q, i.e., C(q | Q) = Q — {q}.

For example, the context of term “Microsoft” with re-
spect to @1 is {Seattle, jobs}. Considering all the queries
in Q, we obtain a set of contexts for term ¢, denoted by
Clg) = {C(q | Q),Q € Q}. Then, we measure the simi-
larity between ¢; and g; as

C(q:) N C(g;)]
|C(ai) U C(g;)]
Example 1 (Context Similarity). Consider the queries in
Table 1. For the query term “HR”, we can obtain the set
of its contexts, i.e., C(“HR” ) = {{Seattle} {salary}}
Similarly, we can also compute C(“programmer’

{{Seattle, jobs},{salary}}. Based on the obtained con-
texts, we have sim(“HR”, “programmer” ) = 0.33.

sim(g;, q;) = 2

Then, we define weight of the edge between ¢g; and g; as
the normalized context similarity, i.e.,

sim(g;, ;)
\/Zk;ez sim(gi, gx) - Zk;ﬁj sim(g;, qx)

Iterative Inference based on I-Graph.

We propose an effective inference method by iteratively
updating the candidate vector of each term in the I-Graph.
Before iteration, the candidate vectors of different types of
terms are initialized as follows.

1) For a term ¢° in a seed interpretation that is mapped to
A®, we set P(I, ;}:) to 1 and others in the vector to 0.

2) For a term ¢ in a Crowdsourced interpretation, since we
assign a microtask to [ workers, we aggregate workers’ an-
swers as follows. Suppose the number of workers choosing
attribute Ay, is [, We estimate probability P (T, ;‘k) in the vec-
tor as Iy /1.

3) For a term ¢ with unknown interpretations, we set each
probability in the vector as P(T, ;‘) =0.5.

We denote the initial candidate vector for each term ¢; € T
as PO and the vector after n iterations as Py . Then, we iter-
atlvely update the candidate vector for g; as follows. If g; is a

(QZa QJ 3)




seed term, we keep its vector unchanged. On the other hand,
if g; is either a crowdsourced term or a term with unknown
interpretations, we compute its vector by considering all the
neighbor terms of ¢;. Formally, we can compute the vector
P} as Equation (4), where « is a parameter in (0, 1).

Pgi q; 1s seed
P; = 4
% az w;; .P(Z’l +(1- a)P?H else @
J#i

We iteratively update candidate vectors in the I-graph us-
ing Equation (4) until convergence. After convergence, we
normalize each probability P(I, ;‘) by dividing the number of
seeds of attribute A, in order to avoid the case that attributes
with more seeds dominate those with less seeds.

Example 2. In our example I-graph in Figure 2, the query
terms q3 and qg (black color) are seed interpretations, and q,
(gray color) is a crowdsourced interpretation. Then, based on
our iterative model in Equation (4), we can obtain the con-
verged candidate vector for each term in T .

Next, we provide some theoretical analysis of our iterative
inference method.

Theorem 1. The iteration of I-graph according to Equa-
tion (4) will converge.

Proof. Let matrix P" = [P}, T P;LQT, o ;L‘I‘]T
Construct a matrix W, where W;; = 0 and W;; =

w(gi,q;) if g; is not seed node, otherwise W;; = 1 and
Wi; = 0. Then Equation (4) is equivalent to P" =
aWP" 1 + (1 — a)P°. Hence, we can get

n—1

P"=(aW)" P’ +(1-a) ) (aW)P".
i=0

Let D be a diagonal matrix with the ¢-th element D;; =
Zk# sim(q;, gx). Construct matrix S satisfying: 1) For ¢;
which is not a seed, we set S;; = sim(g;, ¢;) and S;; = 0, and
2) For aseed ¢;, we set S;; = 0 and S;; = Zk# sim(qy, qr)-
Thus, we can easily get W = D~1/28D~1/2,

Since F' = D~Y/2WD!/2 = DS is a stochastic matrix
and W is similar to F'. Hence the eigenvalues of W is within
the interval [—1, 1]. Considering « is in (0,1), we have

n

. n __ : T _ —1
nh_)rrgc(aW) =0, nh_)rrgo Z%(QW) = —aW)
Hence,
P* = lim P" = (1—a)(I —aW) 'P° 6))
n—oo
Thus, we prove the convergence of the iteration. O

3.2 Query Term Selection for Crowdsourcing

This section discusses how to select query terms for crowd-
sourcing. A straightforward method is to randomly select
a subset of query terms in 7. However, this method has
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the following limitations. First, since the query log con-
tains many queries that not belong to the domain, the method
may involve many domain-irrelevant terms, which are use-
less for structure interpretation. Second, the random selec-
tion method treats all terms equal and fails to consider the
usefulness of different terms in our inference model.

To address the above problems, we propose a novel model
to judiciously select query terms by considering the follow-
ing two factors: 1) the relevance of the terms to the domain,
and 2) the benefit of correctly interpreting the terms through
crowdsourcing. Our model prefers the terms which are not
only more relevant to the domain, but also have more benefit.
Formally, given a term ¢; € T, we use 7(g;) and b(g;) to re-
spectively represent the relevance and the benefit of ¢;. Based
on the two factors, we assign the following score to g;.

score(q;) = r(¢;) - (). (6)

Then, given a budget, i.e., the maximal number of terms for
crowdsourcing, we select the terms with the highest scores.
The challenge is how to estimate the term relevance and ben-
efit. We discuss the estimation methods as follows.
Estimating term relevance. Given a term ¢;, we estimate
the relevance r(g;) as its overall similarity to the seeds, i.e.,
r(¢;) = >_,. sim(g;, q°) where ¢° is a seed. Then, we nor-
malize the relevance as 7(g;)/r* where r* is the maximum
relevance among all the terms, i.e., 7* = maxg, 7 r(¢;)-
Estimating term benefit. We introduce the overall error re-
duction to model the benefit of correctly interpreting term g;.
Intuitively, if ¢; is mapped to an incorrect attribute, the er-
ror would “propagate” to other terms through our inference
model, which may induce the overall error to all terms. Thus,
a correct interpretation of ¢; would not only benefit g; itself,
but also reduce the overall error induced by ¢;. More for-
mally, let the vector APgi denote the error of g;. We use
AP* to represent the overall error induced by AP?h after it-
erations, which is estimated as follows.

|71

P*:Zak

where AP is the error of qx 1nduced by APO, after 1tera-
tions, and 6y, is a weight capturing the 1mp0rtance of Py,
the overall error. We estimate 6, by Z j:l w(qk,q;)/ ln(

|gr|) where |gg| is number of characters in term gj.
Next, we discuss how to induce AP;k from APgi. For
ease of presentation, we use matrix W* to denote (1 —«) (I —

JAN 5

qk’

)

aW)_l. Then, based on Equation (5), we have
17|
AP} Z Wi, APY. ®)
Based on Equations (7) and (8), we have
[T 171 7]
P => 0P = (O O:Wi)APG )
k=1 i=1 k=1
Using Equation (9), we estimate the benefit of ¢; as
|71
(10)

D=3 6.Wi,
k=1



Algorithm for Top-k Term Selection. Based on Equa-
tion (6), we select top-k query terms as follows. We first com-
pute the best term with highest score ¢* = arg . score(q).
Then, we recalculate the matrix W* by removing the ele-
ments corresponding to ¢*, and obtain the next query term.
After obtaining k terms, the algorithm terminates.

Then we add crowdsourced interpretations to the graph by
modifying initial vectors of corresponding nodes.

Example 3 (Query Term Selection for Crowdsourcing).
Consider the I-graph in Figure 2. We can see that some nodes
have higher relevance but lower benefit (e.g., (q2) = 0.48
and b(qz) = 0.77), while others have lower relevance but
higher benefit (e.g., 7(qs) = 0 and b(gs) = 1.07). By com-
bining both relevance and benefit, we select q4 (1(q4) = 0.36
and b(q4) = 1.18) as the top-1 term for crowdsourcing.

4 Experiments

4.1 Experiment Setup

Query Log. We evaluated our method on a real Chinese
query log from Sogou search engine?. The number of queries
is 34, 000, and the number of distinct query terms is 43, 520.
Note that the query log contains queries belonging to various
domains, e.g., JOB, ESTATE, PRODUCT, etc.

Since the log is too large to be manually labeled, we gener-
ated three benchmark sets, BENCHMARK1, BENCHMARK?2
and BENCHMARK3 by randomly selecting queries from the
log. In each benchmark set, we manually identified the
queries belonging to the target domain and mapped query
terms to domain attributes. The numbers of queries in the
three benchmark sets are respectively 161, 154 and 148.
Domains-of-Interest. We examined three domains for query
structure interpretation, i.e., ESTATE, JOB and PRODUCT.
The domain attributes and number of seeds for each attribute
are listed in Table 3. We can see that the proportion of seeds
is very small, i.e. 0.8% (ESTATE), 1.9% (JOB) and 0.5%
(ProDUCT). Notice that queries in ESTATE and JOB may
share some common attributes, e.g., location and company,
which increases the challenge of interpreting queries. How-
ever, as we will show later, our method still performs well.
Baseline Method. We implemented the state-of-the-art query
structure interpretation method [Li, 2010]. Since this method
requires all queries to be classified into the target domain
(e.g., JoB), we employed a state-of-the-art query classi-
fier [Tang et al., 2009] to obtain the queries classified into
the target domain. Then we used the method in [Li, 2010]
to interpret the classified queries. Note that both the method
in [Li, 2010] and our method used the same set of seeds.
Crowdsourcing. We ran crowdsourcing on AMT platform.
In each microtask, we presented a highlight term with its
query and candidate attributes and asked worker to select
the best attribute. We assigned each microtask to 4 different
workers and paid $0.01 for each assignment. The method of
aggregating workers’ answers can be referred in Section 3.1.
Evaluation Metrics. We employed the standard precision
and recall metrics for evaluation. Specifically, let P denote
the number of queries interpreted by a method, and TP denote

“http://www.sogou.com/
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Table 3: the domain information and seeds number

Domain Attribute #seeds | Attribute | #seeds
location 750 time 6
JoB —
company 28 position 51
location 258 time 6
ESTATE company 2 price 17
community 52
appearance 1 brand 51
PrRODUCT -
model 137 price 17
1
0.9 Estate &
0.8 Job o |
o 07 Product -—#--- |
= . S WP NN
S 05| el C ]
(1,—) 0:4 ngOOEBDDDDDBDDDBE*
L. 03 ©0-0-0-0-0-0-0-0-0-0-6-0
0.2
0.1

0 0.1020.3040506070809 1
Inference Paramenter o

Figure 3: Effect of « in different domains

the number of queries that were correctly interpreted by the
method. Specifically, a query was correctly interpreted if all
its terms had been mapped to correct domain attributes. In ad-
dition, let A denote the number of queries that should be inter-
preted. We compute the metrics, precision, recall and F1 %?:
R __ TP __ TP __ 2-Precision-Reca
Precision = X Recall = e and F'1 = Precisiont+ Recall *
All the programs were implemented in JAVA and all the
experiments were run on a CentOS machine with an Intel(R)
Xeon(R) E5607 2.27GHz processor and 32 GB memory.

4.2 Effect of Inference Parameter «

In this section, we evaluate the effect of the inference parame-
ter o (Equation (4)) on the performance. For each domain, we
ran the experiments with different o on the benchmark sets,
then averaged the F1 score. Figure 3 provides the results.
With the increase of «, the F1 score first increases and then
deceases. It means we can select a best « to achieve good per-
formance. In the remaining experiments, we use o = 0.25 by
default, which achieves the best performance in all domains
as shown in Figure 3.

4.3 Evaluating Term Selection for Crowdsourcing

In this section, we evaluate our method of query term se-
lection for crowdsourcing in Section 3.2. We compared the
method with two baselines: 1) Non—Crowd without crowd-
sourced interpretations and 2) Random-Crowd with ran-
domly selected query terms. We selected 150 query terms
(0.3% of all query terms) for each domain and ran the exper-
iments on three benchmarks and averaged the F1 score.
Table 4 shows the experimental result. We can see that
the Random-Crowd method is sometimes even worse than
the Non-Crowd method. For example, the F1 score of
Non-Crowd method in the PRODUCT domain is 67.0%,



Baseline ——1
Inference r=RR
Inference+crow

F1 Score
F1 Score

0
benchmark1benchmark2 benchmark3 average

(a) ESTATE domain

Baseline ——1
Inference r=ZR
Inference+crowd

0
benchmark1benchmark2 benchmark3 average

(b) JOB domain

Baseline ——1
Inference kEzR
Inference+crowd

F1 Score

0
benchmark1benchmark2 benchmark3 average

(c) PRODUCT domain

Figure 4: Comparison with the baseline methods on different domains.

Table 4: Comparison of Crowdsourcing term selection

F1 Score ESTATE JOB PRODUCT
Non-Crowd 53.7% 46.7% 67.0%
Random-Crowd 49.3% 50.3% 50.2%
Our Method 57.9% 54.5% 69.3%

while that of Random—Crowd is 50.2%. The main reason
is that the Random—Crowd method may select many query
terms which are irrelevant to the target domain. Using too
many irrelevant interpretations may damage the performance.
Our methods achieves the best performance as shown in Ta-
ble 4. The best performance is attributed to the selection
model considering both relevance and benefit of query term.

4.4 Comparison with Existing Method

In this section, we compare our method with the base-
line method mentioned in Section 4.1. Specifically, we
evaluated both our inference method without crowdsourc-
ing (Inference) and the method with crowdsourcing
(Inference+Crowd). Figure 4 provides the results. We
can see that the baseline method cannot effectively interpret
queries from different domains in the real query log. For ex-
ample, the average F1 scores of the baseline method on the
three domains are 39%, 24% and 39%. The reason is that
the baseline method assumes all queries are well classified.
When interpreting noisy queries, the recall is low. For exam-
ple, in the ESTATE domain, although the precision was ac-
ceptable (65%), the recall was very low (30%).

Our inference method significantly outperforms the base-
line method. For example, the average F1 score of the in-
ference method is increased by about 20% compared with
the baseline in the JOB domain in Figure 4. Moreover, us-
ing crowdsourced interpretations can further improve the per-
formance, even though we only selected 0.3% query terms
for crowdsourcing. For example, in the PRODUCT domain,
the F1 score can be further increased by about 8% when us-
ing crowdsourcing. The better performance of our method
is mainly attributed to our effective inference model and the
method of selecting crowdsourcing query terms.

5 Related Work

Query Structure Interpretation. Query structure interpreta-
tion can be applied to various tasks, such as question answer-
ing systems [Li ef al., 2008], query refinement [Baeza-Yates
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et al., 2004; Sadikov et al., 2010], deep Web search [Cheng
et al., 2010; Pound et al., 2011], etc. This problem has been
extensively studied. The methods based on conditional ran-
dom field (CRF) [Li, 2010; Li et al., 2009; Sarkas et al.,
2010] formulate the problem as a query tagging problem, and
employ CRF or semi-supervised CRF for tagging. [Man-
shadi and Li, 2009] employed context-free rules while re-
quiring vocabulary for each domain attribute. [Cheung and
Li, 2012] proposed an unsupervised method using knowledge
bases (e.g., Freebase), and [Pandey and Punera, 2012] also
proposed an unsupervised method based on graphical mod-
els. Existing methods have the limitation that they assume
the queries have been classified into the target domain using
query classifiers [Tang et al., 2009; Ji et al., 2011], and they
cannot provide good interpretations for queries from different
domains, which is very common in real logs. To this end, we
propose a crowdsourcing-assisted method which is different
from existing machine-learning based method.
Crowdsourcing. Crowdsourcing has attracted much atten-
tion in various communities [Lease and Yilmaz, 2011]. Many
crowdsourcing-assisted methods have been proposed to im-
prove the performance of various tasks. [Wang er al., 2012]
provided a hybrid method for entity resolution. [Yan er al.,
2010] combined automatic search and crowd validation to
provide better image search. [Zaidan and Callison-Burch,
2011] introduced crowdsourcing to obtain professional trans-
lations from non-professional workers. [Law and Zhang,
2011] decomposed high-level mission into sub-goals to an-
swer queries using crowdsourcing. [Demartini et al., 2013]
addressed the interpretation problem by publishing all un-
known queries for crowdsourcing and may result in costs
larger than budgets. To the best of our knowledge, we are
the first to study query interpretation using crowd-machine
hybrid techniques given budget constraints.

6 Conclusion

This paper has studied the structure interpretation problem
for queries from different domains in real query logs. We in-
troduced a crowdsourcing-assisted framework to improve the
performance. In the framework, we selected a small number
of query terms for crowdsourcing, and employed the obtained
interpretations for inference. We proposed an iterative prob-
abilistic inference method, and judiciously selected crowd-
sourcing terms. We evaluated our method on a real query log,
and the result shows the superiority of our method.



References

[Baeza-Yates et al., 2004] Ricardo A. Baeza-Yates, Car-
los A. Hurtado, and Marcelo Mendoza. Query recom-
mendation using query logs in search engines. In EDBT
Workshops, pages 588-596, 2004.

[Cheng et al., 2010] Tao Cheng, Hady Wirawan Lauw, and
Stelios Paparizos. Fuzzy matching of web queries to struc-
tured data. In ICDE, pages 713-716, 2010.

[Cheung and Li, 2012] Jackie Chi Kit Cheung and Xiao Li.
Sequence clustering and labeling for unsupervised query
intent discovery. In WSDM, pages 383-392, 2012.

[Cui et al., 2002] Hang Cui, Ji-Rong Wen, Jian-Yun Nie, and
Wei-Ying Ma. Probabilistic query expansion using query
logs. In WWW, pages 325-332, 2002.

[Demartini et al., 2013] Gianluca Demartini, Beth
Trushkowsky, Tim Kraska, and Michael J. Franklin.
Crowdq: Crowdsourced query understanding. CIDR,
2013.

Ui et al., 2011] Ming Ji, Jun Yan, Siyu Gu, Jiawei Han, Xi-
aofei He, Wei Vivian Zhang, and Zheng Chen. Learning
search tasks in queries and web pages via graph regular-
ization. In SIGIR, pages 55-64, 2011.

[Law and Zhang, 2011] Edith Law and Haoqi Zhang. To-
wards large-scale collaborative planning: Answering high-
level search queries using human computation. In AAAI,
2011.

[Lease and Yilmaz, 2011] Matthew Lease and Emine Yil-
maz. Crowdsourcing for information retrieval. SIGIR Fo-
rum, 45(2):66-75, 2011.

[Li et al., 2008] Fangtao Li, Xian Zhang, Jinhui Yuan, and
Xiaoyan Zhu. Classifying what-type questions by head
noun tagging. In COLING, pages 481-488, 2008.

[Li er al., 2009] Xiao Li, Ye-Yi Wang, and Alex Acero. Ex-
tracting structured information from user queries with
semi-supervised conditional random fields. In SIGIR,
pages 572-579, 2009.

[Li, 2010] Xiao Li. Understanding the semantic structure of
noun phrase queries. In ACL, pages 1337-1345, 2010.

[Manshadi and Li, 2009] Mehdi Manshadi and Xiao Li. Se-
mantic tagging of web search queries. In ACL/AFNLP,
pages 861-869, 2009.

[Pandey and Punera, 2012] Sandeep Pandey and Kunal
Punera. Unsupervised extraction of template structure in
web search queries. In WWW, pages 409-418, 2012.

[Pound et al., 2011] Jeffrey Pound, Stelios Paparizos, and
Panayiotis Tsaparas. Facet discovery for structured web
search: a query-log mining approach. In SIGMOD Con-
ference, pages 169-180, 2011.

[Sadikov er al., 2010] Eldar Sadikov, Jayant Madhavan,
Lu Wang, and Alon Y. Halevy. Clustering query refine-
ments by user intent. In WWW, pages 841-850, 2010.

[Sarkas er al., 2010] Nikos Sarkas, Stelios Paparizos, and
Panayiotis Tsaparas.  Structured annotations of web
queries. In SIGMOD Conference, pages 771-782, 2010.

2098

[Tang et al., 2009] Lei Tang, Suju Rajan, and Vijay K.
Narayanan. Large scale multi-label classification via met-
alabeler. In WWW, pages 211-220, 2009.

[Wang et al., 2012] Jiannan Wang, Tim Kraska, Michael J.
Franklin, and Jianhua Feng. Crowder: Crowdsourcing en-
tity resolution. PVLDB, 5(11):1483-1494, 2012.

[Yan er al., 2010] Tingxin Yan, Vikas Kumar, and Deepak
Ganesan. Crowdsearch: exploiting crowds for accurate
real-time image search on mobile phones. In MobiSys,
pages 77-90, 2010.

[Zaidan and Callison-Burch, 2011] Omar Zaidan and Chris
Callison-Burch. Crowdsourcing translation: Professional
quality from non-professionals. In ACL, pages 1220-1229,
2011.



	IJCAI13
	Contents
	Index
	Help
	Terms
	IJCAI Website



<<
  /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




