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Efficient Identification of Local Keyword
Patterns in Microblogging Platforms
Xiaoyang Wang, Ying Zhang, Wenjie Zhang, Xuemin Lin
Abstract—Microblogging platforms, such as Twitter, serve as an important and efficient channel for sharing information. With the
prevalence of geo-position enabled devices, a rapidly growing amount of microblogs are associated with geo-tags. Consequently,
real-time analysis of the geo-tagged microblog stream has attracted great attentions. In this paper, we advocate the significance of
keyword co-occurrence for geo-tagged microblogs analysis, which has been overlooked by existing studies. The co-occurrence of
keywords is necessary to resolve the ambiguity in event analysis, especially when different events have overlapping descriptions.
Given a geo-tagged microblog stream, we formally define the problem of identifying local (top-K) maximal frequent keyword cooccurrence patterns over geo-tagged microblog stream, namely LFP (LKFP) query. Given a query region, LFP query aims to
retrieve the local maximal keyword patterns with frequency exceeding a given threshold; while LKFP query aims to identify
K maximal keyword patterns with highest local frequency, in case users do not have a threshold in mind. To handle the high
volume microblog stream and meet the requirement when large number of queries issued, we develop novel data structures to
maintain the data stream, and propose efficient algorithms to process LFP and LKFP queries with theoretical underpinnings. The
extensive empirical study on real dataset confirms the effectiveness and efficiency of our approaches.
Index Terms—Microblog stream, co-occurrence keywords, frequent pattern, top-K
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I NTRODUCTION

Nowadays, microblog, such as tweet, is playing an
important role in online social media. Due to its concise feature, it can convey the information to people
much faster than the traditional media. Through the
microblog, users are accustomed to discuss realtime
topics or events happening. These contents can serve
as uncensored windows of current events.
With the proliferation of geo-position enabled devices, a large amount of microblogs are geo-tagged.
For instance, recently it is reported1 that there are
about 30 millions people sending out tweets associated with geo-tags into the Twitterverse, and 2.2
percent of tweets (about 4.4 million tweets a day)
provide location data together with the text of their
posts. Thus, microblogs with geo-tags are studied
as the human sensor of social events happening in
the specific area [1], i.e., local events. As a result,
geographic factor is a big concern in the massive
microblog stream analysis and there is an emerging
call for effective and efficient data analysis techniques
to make sense of the geo-tagged microblog stream.
Usually, interesting/important events are associated
with high frequent keywords. Thus, the problem of
identifying the local frequent or bursting keywords
over geo-tagged microblogs has received growing
attentions in the literature [1], [2], [3], [4], [5], [6].
Motivation. There are two limitations in the existing
work. Firstly, in most existing works (e.g., [4], [5],
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[6]), only single bursting hashtags or frequent keywords are identified and returned as a description
of local events. Nevertheless, these works overlook
the co-occurrence information of keywords (i.e., the
keywords appeared in the same microblogs), in which
they may fail to delivery interesting patterns or even
mislead users. Secondly, some works (e.g., [7], [8])
have considered to use keywords pattern for event
description. They either try to group identified frequent/burst single keywords by re-checking the original microblogs or to cluster the keywords based on
their spatial distribution. However the re-checking
cost may be prohibitively expensive in the streaming
environment. Clustering the keywords based on their
spatial distribution may generate misleading results
when events with similar keywords happened close
to each others. Consequently, it will need further
refinement to improve results.
Following are two motivating examples to illustrate
the limitations in the existing works, and clarify the
significance of keywords co-occurrence information.
Example 1. Everyday, many people send microblogs about
the local new events to inform or share with friends.
Suppose there are two exciting events in the downtown
on the same day, 1) a new Apple store opened and 2) a
popular restaurant named “Sokyo” provides discount for
customers. We may expect that there are lots of microblogs
about these two local events, where “Apple”, “Sokyo”, and
“discount” will become frequent keywords (i.e., frequently
mentioned in the microblogs) in downtown area.
So for the first class of work, single frequent keywords
will be detected and returned. Nevertheless, without the cooccurrence knowledge of these keywords, customers may
not be able to capture the important information (e.g.,
discount at Sokyo) or even be misled since customers may
conclude that there is a promotion in the Apple store. For
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the second class of work, if we group the keywords based
on their spatial distribution, all of them will be grouped
together (the three keywords are uniformly distributed in
the area), so the problem is still not resolved. In addition, as
the twitter stream is rapidly updated, we cannot maintain
all of them in memory for the costly rechecking.
Therefore, besides the identification of individual frequent
keywords in a particular region, it is critical to keep the
frequent keywords co-occurrence information (e.g., “Sokyo”
and “discount”) so that users can obtain more abundant
and accurate information.
Example 2. Suppose a famous movie star Actor-A come
to Sydney downtown and there is a serious car crash in the
downtown in the same day. Then we may expect “ActorA downtown” will appear frequently in the Actor-A’s fans’
tweets, while “car crash downtown” will be mentioned a lot
in the local residents’ tweets. If we simply return “Actor-A
car crash downtown” as a result, it will become a disaster
for the actor. Similar to Example 1, we cannot resolve the
problem by grouping the keywords based on some similarity
measurement. We must keep the co-occurrence of keywords
to tell users that “Actor-A downtown” and “car crash
downtown” are two different events.
As shown in the examples, it is necessary to maintain the co-occurrence of keywords in order to provide
a precise description of the local events/patterns.
Even though the found pattern size in microblog may
be small, it could lead to misunderstandings if we
ignore the co-occurrence of the keywords.
Given a query region, e.g., Sydney, we investigate
the problem of identifying local maximal frequent
keyword co-occurrence patterns over a geo-tagged
microblog stream. We define the problem of finding
interesting problems under two models: the first one
is threshold based model, which is to retrieve the local
patterns with frequency larger than a threshold; the
second one is to find the top-k frequent patterns in
the given query area. Since we cannot maintain all
the data in main memory in the streaming context,
we aim to solve these two problems by continually
maintaining a summary of the microblog stream. The
first model is more for the expert users who have the
background knowledge about the data distribution.
By setting a proper threshold, they can quickly find
the interesting local events. The second model is more
for the normal users, who do not have a proper
threshold in mind.
Challenges. To the best of our knowledge, this is
the first work to systematically investigate the problem of identifying local (top-K) maximal frequent
keywords co-occurrence patterns over geo-tagged microblog stream using sketch techniques. The main
challenges of the problem lie on two aspects.
The first one is that the data stream is large and
rapidly updated. It is essential to continuously maintain a concise summary of the data stream to answer
the two queries with high accuracy. Moreover, the
summary should be able to support rapid update,
and seamlessly capture the co-occurrence information

of keywords. The second one is to meet the highperformance requirement, since there may be plenty
of queries issued by different users. So the maintained
summary should be well organized to support arbitrary query regions and thresholds. However, the
traditional frequent pattern mining methods over data
stream mainly focus on generating frequent patterns
over the entire data stream by maintaining a global
index structure [9], [10]. It is non-trivial to extend
the existing techniques to deal with arbitrary query
regions and thresholds.
A simple and intuitive solution is to continuously
maintain a uniform sample of the data stream using spatial order (e.g., Z-order value or grid index)
and then apply the existing techniques (e.g., [11]) on
the samples within the query region to answer the
queries. However, a subtle difficulty of our problems lies on the fact that the query region might
be arbitrary, which indicates that we cannot continuously maintain the data structures utilized in existing
works. Hence it may have to undertake the mining
task from scratch for each query.
In this paper, we devise a novel sketch, inverted
bottom-k sketch (IK sketch for short) to properly
capture the spatial and textual information of geotagged microblog stream. In a nutshell, an IK sketch
is a summarized inverted list structure in which only
a limited number of objects are carefully and consistently maintained for each individual keyword in the
data stream. Then the frequency of the pattern can
be derived based on the estimation of the multiple
sets intersection size using IK sketch. To accelerate the
enumeration of all the frequent patterns and avoid
generating too many candidates, we develop the
sketch graph and enhanced sketch graph, which keep
track of the co-occurrence of keywords in the sketch
approximately. To meet the response requirement of
many queries issued, we develop efficient algorithms
based on the data structure proposed to answer the
queries.
Contributions. Our principle contributions are summarized as follows.
•

•

•
•

This is the first work that systematically studies the
problem of local (top-K) maximal frequent keyword
co-occurrence patterns identification in geo-tagged
microblog stream using sketch techniques, which is
an essential tool for microblog stream analysis in a
wide spectrum of applications.
We propose the inverted bottom-k sketch, sketch
graph and enhanced sketch graph structure, which
summarize the microblog stream and can properly
capture both spatial and frequency information with
limited space. Theoretical analysis is conducted for
the correctness and accuracy guarantee of the techniques.
Efficient algorithms are proposed to support LFP
and LKFP queries based on the structures proposed.
Extensive empirical study on real dataset demonstrates the efficiency and effectiveness of our techniques proposed in the paper.
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Roadmap. The rest of the paper is organized as follows. Section 2 presents the problem definition, and
briefly surveys the most related works and necessary
techniques used in this paper. Section 3 introduces
IK sketch and an Apriori framework based method
to support the LFP query. Section 4 introduces the
enhanced sketch graph structure to further accelerate
the LFP query processing. In Section 5, we introduce
the algorithms for answer LKFP query based on the
data structures proposed. The effectiveness and efficiency of the techniques are demonstrated over real
Twitter dataset in Section 6. Finally, we concludes this
paper in Section 7. In Appendix A, the correctness
and accuracy analysis of the sketch based method is
presented. In Appendix B, we present the algorithm
for maintaining the samples in sliding window model.

2

BACKGROUND

In this section, we first formally define the problem of identifying local (top-K) maximal frequent
keyword co-occurrence patterns over geo-tagged microblog stream. Then we introduce the related existing
works as well as the key techniques employed in this
paper. Table 1 summarizes the notations frequently
used in this paper.
Notation
d, di , o
D
V
R
t, ti , tj
d.V, o.V
n
L
L(t)
l
P, Pi
K
k
htR
hkS
A, B, S

Meaning
spatio-textual object (i.e., geo-tagged microblog)
a stream of spatio-textual objects
the vocabulary of terms (keywords)
a query region
a term (keyword)
terms (keywords) of d and o
the number of objects in D or sliding window
IK sketch
bottom-k sketch of keyword t inverted list
sample budget
a keyword pattern
the K in top-K
the k in bottom-k
the largest hash value of keyword t in R
the k-th smallest hash value of a set S of object
a set of objects

TABLE 1
The Summary of Notations
2.1 Problem Definition
A microblog stream consists of a set D of geo-tagged
microblogs. Each geo-tagged microblog d ∈ D is associated with a spatial location d.loc in a 2-dimensional
space and a set of keywords d.V from a vocabulary V.
A keyword pattern P consists a set of keywords, i.e.,
P ⊆ V. Given a region R, DR denotes the microblogs
falling in R, that is DR = {d | d.loc ∈ R ∧ d ∈ D}.
In the paper hereafter, we abbreviate the microblog
stream and the geo-tagged microblog as data stream
and object respectively, if there is no ambiguity.
Definition 1. (Pattern Local Frequency) Given a data
steam D, a keyword pattern P and a region R, the pattern
local frequency f (P, R) of P is the number of occurrence
of P in DR , that is f (P, R) = |{d | d ∈ DR ∧ P ⊆ d.V}|.
Definition 2. (Local Maximal Frequent Keyword Pattern,
LFP). Given a query region R and a frequency threshold

R1

R2
1

d0 (t1)

d1 (t1, t2)

d2 (t3)
d3 (t1,t2)
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d6 (t4,t5,t6)
d8 (t4,t5,t6)

d4 (t3)

d10 (t4,t6)
d14 (t4,t5,t6)

d11 (t1, t2)
d12 (t3)
3

d5 (t4, t5, t6)
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4

Fig. 1. Example of Geo-tagged Microblogs
θ, a pattern is a local frequent pattern if its pattern local
frequency is larger than θ, i.e., f (P, R) ≥ θ. A local
frequent pattern is a LFP if there is no superset of the
pattern that is also a local frequent pattern.
For example, Figure 1 shows a set of geo-tagged
microblogs in the space, where their associated keywords are listed besides. Given the query region R1
and threshold θ = 3, the patterns {t1 }, {t2 }, {t3 } and
{t1 , t2 } are local frequent. However, only the patterns
{t1 , t2 } and {t3 } are LFPs, because {t1 }, {t2 } are subsets of {t1 , t2 }.
In some scenarios, normal users may not have the
knowledge of data distribution in the local space and
do not have a proper frequency threshold in mind.
A small threshold may result a lot of output patterns
and a large threshold may lead to few or even no
results. In both cases, the found results will not be
interesting to the users. So we also investigate the
local frequent patterns in the top-K semantics, which
is formally defined as follows.
Definition 3. (Local top-K Maximal Frequent Pattern,
R
LKFP) Given a query region R, let Pmax
= {P1 , P2 , ...}
denotes the set of patterns appeared in R, and for each
R
pattern Pi ∈ Pmax
, there is no pattern Pi′ ⊃ Pi with
′
f (Pi , R) = f (Pi , R). The local top-K frequent patterns
R
with the highest frequency.
consist of K patterns in Pmax
For example, in Figure 1, the query region is R1 .
When K = 1, pattern {t1 } is the LKFP. When K =
3, patterns {t1 }, {t3 } and {t1 , t2 } are all LKFPs. As
we notice, both {t1 } and {t1 , t2 } are included in the
results when K = 3, this is because they have different
local frequency even if {t1 } is a subset of {t1 , t2 }.
Problem Statement. Given a data stream D, an positive integer θ (K) and a query region R, the LFP
(LKFP) query is to find all the LFPs (LKFPs). Since
the data stream is usually quite large and frequently
updated, we aim to carefully construct a small summary of the data stream D to answer the LFP query
and LKFP query efficiently and accurately.
Remark 1. Note that the constrains in LFP and LKFP
have a bit difference. In LFP, we remove the patterns which
have a frequent superset pattern from the results. While in
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the LKFP, we remove the patterns which have a superset
pattern with the same frequency. This is because in LFP
query we try to reduce the number of patterns returned
and make it easy for users to process the results. However,
the algorithms proposed in this paper can be easily extended
to support the same constrain as that in LKFP query.
2.2 Related Work
To the best of our knowledge, there is no existing
work on identifying local (top-K) maximal frequent
keyword co-occurunce patterns over geo-tagged microblog stream based on sketch techniques. The most
related works are presented in the following three
aspects.
Spatial frequent keyword identification. Recently, a
large number of research efforts have been devoted
to identify spatial frequent or burst keywords in geotemporal microblog stream, which has been proven to
be useful in various applications. Existing works try to
find interesting keyword patterns by considering the
spatial and temporal dimensions of microblogs, but
the co-occurrence information of keywords is overlooked. For instance, the frequency of each individual keyword/hashtag is counted regarding particular
regions in [4], [5], [6], [12], [13]. In [8], the correlation of keywords is considered in the EvenTweet
system where keywords with close spatial proximity
are grouped together. However, the co-occurrence of
keywords is not kept, which is an important property
as shown in our motivating example. In [7], authors
find frequent/bursting keywords at first, and then
checks the original microblogs to group related keywords together. However, it needs to cache the original microblogs for checking the grouping condition,
which may not be applicable in data stream model. In
addition, checking the co-occurrence of keywords in
microblogs can be time consuming, as it needs to scan
all the related microblogs and check different combinations each time. In [1], authors associate tweets with
popular local to identify local events. It also utilizes
the location in the tweets, like [14] to bust the analysis.
Foteini et al. [2] consider the co-relation of pair tags
to identify events in time. In [3], authors try find local
burst keyword by extracting an accurate distribution
of keywords. However, these works did not solve
the keywords co-occurrence issue in our motivation
examples.
Frequent pattern mining. On the other hand, approximate frequent pattern mining over data stream
has attracted significant attention in the literature (See
survey in [15]) where the co-occurrence of keywords
in each transaction is considered by existing works.
Nevertheless, the spatial location is not considered.
Their techniques focus on developing efficient methods to mine frequent patterns over the whole data
stream or dataset, and it cannot be trivially extended
to support the problem studied in this paper since
the query region is not known beforehand. There are
some existing works on spatial co-location pattern
mining (See survey in [16]). However, this problem

is inherently different from ours, because it does not
consider the co-occurrence of keywords in the same
objects. Moreover, their techniques are not developed
in the context of data streams.
Set intersection size estimation. If we store each
keyword appeared in an inverted list, the frequency
of a pattern equals to the intersection size of corresponding keywords’ inverted lists. The problem of set
intersection size estimation is to estimate the cardinality of set intersection with sketch/sampling methods,
which has been extensively studied [17], [18], [19].
Recently, the problem of selectivity estimation for
spatial keyword search is investigated in [20]. The
research focus is to boost the estimation accuracy
by exploiting local correlations when there are no
sufficient samples in the query range (i.e., usually not
the frequent pattern). The techniques are not suitable
to our problems since we focus on frequent pattern
mining where the boosting technique is not beneficial
considering the boosting cost on frequent patterns. In
addition, there are several works [21], [22] that tend
to calculate an upper bound of set intersection size,
which is orthogonal to our work. In this paper, we utilize bottom-k [19] sketch to estimate the intersection
size of sets.
2.3 Preliminaries
In this section, we briefly introduce the bottom-k
sketch [19], which is used in our IK sketch to capture
the co-occurrence of keywords and estimate the cardinality of patterns. Bottom-k sketch is designed for
estimating the number of distinct values in a multiset.
Suppose N distinct points are uniformly distributed
over (0, 1), then the expected distance between any
two adjacent points is N1+1 ≈ N1 . Given a multiset
S = {v1 , v2 , · · · , vn } and a truly random hash function
h, each distinct value vi in the set S is hashed to
(0, 1) and h(vi ) 6= h(vj ) for i 6= j. The bottomk sketch consists of the k smallest hash values, i.e.,
L(S) = {h(vi ) | h(vi ) ≤ hkS ∧ vi ∈ S}, where hkS is the
k-th smallest hash value of the set. So the number of
distinct value can be estimated with Equation (1).
D̂ = (k − 1)/hkS

(1)

Based on the analysis inq[23], the expected relative
2
.
error of the estimator is π(k−2)

Union Operation. Consider two sets A and B, with
corresponding bottom-k sketch L(A) and L(B) of size
kA and kB . In this paper, we use ∪m (∩m ) to denote the
union (intersection) operation for multisets, and we
use ∪ (∩) for simplicity when there is no ambiguity.
An important property of bottom-k sketch is that it
is closed under set union operation, and it utlizes the
sketch information sufficiently. To obtain the sketch
L(A ∪ B) under union operation is shown as follows.
L(A ∪ B) = {v|v ∈ L(A) ∪ L(B) ∧ v < hkA∪B }
where hkA∪B = min{hkA , hkB }. To estimate the union
size of sets A and B, i.e., |A∪B|, we have the following
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equation:
D̂∪ = |L(A ∪

B)|/hkA∪B

(2)

Intersection Operation. Similarly, the intersection size
of sets A and B can be estimated using the equation
as follow:
D̂∩ = |L(A) ∩ L(B) ∩ L(A ∪ B)|/hkA∪B

(3)

Equation (3) is an unbiased estimation of set intersection size of A and B, which correctness will be proved
latter in the paper. Note that the above equations for
set union/intersection estimation can be immediately
extended to support multiple sets operations.

3

IK

SKETCH BASED

A PPROACH

In this section, we introduce the IK sketch and sketch
graph, which can properly capture the co-occurrence
of keywords in microblogs, as well as the algorithm
which continuously maintains the proposed structures. The summary maintaining algorithm proposed
in this section is for streaming model. In Appendix
B, we will introduce how to maintain the summary
over the sliding window model. Finally, we present
the algorithm to answer the LFP query by using the
data structure.

3.1 IK Sketch and Sketch Graph
In this section, we introduce the IK sketch and sketch
graph, which is used to summarize the data stream
information and answer the queries studied in this
paper. Before describing the details of the data structures, we firstly introduce the general ideas and motivations for the data structures.
Motivation. There are three main requirements for
the summary: 1) it can estimate the pattern local
frequency accurately; 2) it is friendly for update; 3)
it can be used to efficiently answer the queries. The
IK sketch and sketch graph are designed according to
these requirements:
•

•

In general, IK sketch maintains the bottom-k sketch
for keywords. Since bottom-k is effective for estimating the cardinality of sets intersection, we can
estimate the pattern frequency based on the bottomk sketch of keywords. In addition, bottom-k sketch
is of low cost for updating in data stream.
To answer the queries efficiently, a major problem
to reduce the number of enumerated candidate
patterns. The data structures used in the traditional
frequent pattern mining algorithms are designed for
the entire data and space expensive, while the query
region in our problem may be arbitrary. Sketch
graph is a light weight data structure that maintains
the occurrence of keywords in coarse-grained and
works in practice.

3.1.1 IK Sketch
The IK sketch is designed to estimate frequent of a
pattern in an arbitrary query region accurately and
efficiently.
IK sketch Data Structure. Given a sample size l and
a data stream D, IK sketch L continuously maintain
a fixed size set with l objects in D. For each coming
object d, we generate its hash value h(d), where h(x) is
a truly random hash function and h(x) ∈ (0, 1). Then
l objects with the smallest hash values in the data
stream seen so far are kept. Specially, the l objects
in IK sketch are organized in inverted lists format.
That is, for each keyword t in the sampled objects,
we build an inverted list, denoted as L(t) ∈ L, where
L(t) = {h(d) | h(d) ≤ hlD and t ∈ d.V}, where hlD is
l-th smallest hash value in D.
For a keyword t, L(t) maintains its sketch for the
global space. In order to accelerate the search for local
region, we maintains L(t) according to the spatial
order (e.g., Z-order [24] or grid index) of the objects.
The spatial order can significantly reduce the cost of
arbitrary spatial range search since the spatial proximity of objects are well preserved. We also maintain
the keywords distribution with respect to the spatial
order to fast retrieve the keywords falling in a query
region.
Example 3. Suppose we maintain 10 samples in the IK
sketch L for the objects in Figure 1, where the dark nodes in
Figure 1 are samples. The corresponding IK sketch sketch
is shown in Figure 2(a), and the value besides each object
di is its hash value. The spatial order applied are based on
the grids in the space. For example, keyword t1 appears in
3 samples on the left two grids, thus L(t1 ) is partitioned
into 2 parts which is illustrated with two underlines for
t1 . In the same grids, sample are sorted by their hash
value. Given IK sketch and the query region R1 , we can
efficiently estimate the local frequency of t1 as f (t1 , R1 ) =
(3 − 1)/0.4 = 5. Similarly, f ({t1 , t2 }, R1 ) = 1/0.25 = 4.
Maintain IK sketch. In the IK sketch, as the objects
(i.e., microblogs) come, we continually keeps l samples
with the smallest hash value. For each new coming
object d, we directly add it to L if the current sample
size |L| is smaller than l. Otherwise, we compare its
hash value h(d) with hlD to decide if we add d into
the samples or not.
In Algorithm 1, we present the details of maintaining IK sketch, i.e., the procedure when a new object
comes. Let τ be the largest hash value in the current
samples. Note that when the sample size |L| equals
l, τ = hlD . In Line 2, we check if object d should be
added to the sample. If the sample size is already l
and h(d) ≥ τ , we just discard it directly. Otherwise,
we add d into the samples, and for each keyword in
d.V, we update the corresponding inverted bottomk sketch from Line 3 to Line 5. In Line 6, we check
if we have more than l samples. This happens when
the original sample size is l and the new object’s hash
value is smaller than hlD . In this case, we remove the
sample with largest hash value to keep the sample
size unchanged.
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(a) IK Sketch
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(c) Enhanced Sketch Graph

Fig. 2. IK Sketch, Sketch Graph and Enhanced Sketch Graph Corresponding to the Example in Figure 1

Algorithm 1: Maintain IK Sketch
Input : d : a new arriving object; l : sample size.
Output: Updated IK sketch L
1 τ ← largest hash value in L ;
2 if h(d) < τ or |L| < l then
3
L ← L ∪ {d} ;
4
for each ti ∈ d.V do
5
L(ti ) ← L(ti ) ∪ {d} ;
6
7
8
9
10

if |L| > l then
o ← sample in L with largest hash value ;
L ← L \ {o} ;
for each ti ∈ o.V do
L(ti ) ← L(ti ) \ {o};

Example 4. Suppose we have a new object d comes in
Figure 1 and l = 10. Thus, τ = hlD = h(d16 ) = 0.55. If
h(d) > 0.55, we discard it directly. Otherwise, we delete
d11 from the IK sketch and add d.
Discussion. Suppose there are n (n ≫ |l|) objects
seen as far in the data stream. Given a truly random hash function h(x), each object is selected with
probability
P l/n. Consequently, the expected size of
L(ti ) is
d∈D P r(ti ∈ d.V) × l/n = f req(ti ) × l/n,
where f req(ti ) is the frequency of keyword ti in the
data stream. It indicates that the resource allocation
among inverted bottom-k sketch of the keywords is
proportional to their frequencies.
3.1.2

Sketch Graph

Limitation of IK Sketch. Given the IK sketch, we
are able to estimate the frequency of any pattern in
a query region. Thus, we can answer the LFP query
and LKFP query with IK sketch only. For example,
to answer the LFP query, we first retrieve the sketch
within the query region. Then, following the Apriori
framework, we firstly find the local frequent pattern
of size 1. In the following each iteration, we expand
the pattern with one more frequent keyword, until we
find all the local frequent patterns.
The bottleneck of this method is that it will enumerate many non-frequent patterns. For example, in

Figure 1, given the query region R1 and the frequency
threshold 1, we firstly find the local frequent keywords t1 , t2 , t3 . In next iteration, we need to check
if {t1 , t2 }, {t2 , t3 } and {t1 , t3 } are frequent or not by
doing the sketch intersection. However, {t2 , t3 } and
{t1 , t3 } have no co-occurrence in local, so they cannot
be frequent and the checking time for these patterns is
a waste. When the number of local frequent keywords
becomes larger, the number of redundant checks will
grow fast.
Data Structure. Since we want to answer the query
efficiently and accurately with limited space, we aims
to design a light-weight data structure to facilitate the
pattern enumeration. A sketch graph is continuously
maintained for the keywords in IK sketch to approximatively describe the co-occurrence information
among keywords.
Formally, a sketch graph is an undirected weighted
graph G = (V, E), where V and E denote the set of
nodes and edges in G respectively. A node vi ∈ V
corresponds to a keyword ti in IK sketch, and there
is an edge eij between two nodes (keywords) vi and
vj if there is a co-occurrence of keywords ti and tj
in a sample d ∈ L. The weight of vi is the frequency
of the keyword in L, and the weight of an edge is
the number of co-occurrences of two keywords in L.
Hereafter, we use keyword ti to denote node vi when there
is no ambiguity.
Example 5. As shown in Figure 2(b), it is a sketch graph
corresponding to the IK sketch in Figure 2(a). The weight
of node t1 is 3, since t1 has appeared 3 times in the sketch.
Given the sketch graph, we can directly tell that {t2 , t3 }
and {t1 , t3 } will not be frequent patterns, since there is no
edge between the keywords.
Maintain Sketch Graph. To maintain the sketch
graph, we continually check each added sample object
d. Naively, for each new keyword in the sample, we
create a new node in the sketch graph with initial
weight 1; if it already exists, we increase its node
weight by 1. Similar operation is applied for each pair
of keywords, i.e., edges. The weight of a node (edge)
will be decreased if the related samples are removed,
and the node or edge will be obliterated if its weight
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becomes zero.
Discussion. We remark that only the keywords appeared in the sketch L may have corresponding nodes
in the sketch graph. We observe that the number of
nodes in the graph is much smaller than the number
of distinct keywords in dataset. This is because in real
datasets or natural languages, the keyword follows
the Zipf’s distribution [25]. As in the experiment, the
sketch graph only takes up to 4.8% of the space used
by samples. If we only maintain the promising edges
and nodes by setting a threshold, the space is down
to 1.1% of the space used by samples. The percentage
of space used by sketch graph becomes even smaller
under the sliding window model.
3.2 IK Sketch based LFP Identification
In this section, we introduce the algorithm for answering LFP query based on IK sketch and sketch graph.
Pruning Rules. Naively following the Apriori framework, the number of enumerated candidate patterns
will be large. Fortunately, given the sketch graph, we
can use the following rules to reduce the number of
of enumerated patterns.
• Each pattern should form a clique on the sketch
graph, i.e., each pair of keywords in the pattern have
co-occurrence.
′
• The upper bound of the pattern P s frequency
should be larger than the given threshold θ.
• Any subset of P should fulfil the pervious two rules.
Based on the first rule, pattern {t1 , t3 } will not be
enumerated in Figure 1, since it is not a clique. The
upper bound of a pattern P local frequency in R can
up
up
be calculated as IR
/hP
R . IR is the upper bound of
sketch intersection size among the keywords of P in
region R, i.e., | ∩ L(ti , R)| for ti ∈ P , where L(ti , R) is
the sketch of ti in region R. If we have not calculate
| ∩ L(ti , R)|, we use the minimum intersection size
up
. hP
of any subsets of P and edge weights as IR
R
ti
is the minimum hash value of hR for ti ∈ P . For
example, in Figure 1, given the query region R1 , we
want to calculate the upper bound of pattern {t1 , t2 }
local frequency. Since we have not calculated the
intersection size between L(t1 , R1 ) and L(t2 , R1 ), we
up
use the edge weight w(e12 ) = 2 as IR
. The maximum
hash value of t1 , t2 in the region R is 0.4 and 0.25
respectively, thus hP
R = min{0.4, 0.25} = 0.25. Thus
the upper bound of f ({t1 , t2 }, R1 ) can be calculated
as 2/0.25 = 8.
Algorithm. Algorithm 2 illustrates the details of LFP
query processing using IK sketch and sketch graph.
It follows the Apriori framework and expands the
patterns following the edges in the sketch graph, and
it utilizes pruning rules to reduce the number of
patterns enumerated. We maintain a maximum heap
for the objects in L, thus we can quickly find the
sample with largest hash value.
In Line 2, all keywords in the L fallen in R, i.e.,
V(R), is firstly retrieved. Since each L is organized
based on spatial order, we can quickly retrieve the

sketch in the query area. Then we estimate the local
frequency for each keywords and keep the frequent
one in S1 . Then start from k = 2, we expand the
patterns in Sk−1 with one keywords each time, and
the enumerated patterns should fulfil the pruning
rules above. For the patterns pass the pruning rules,
we estimate its local frequency in Line 10 to decide
if we will keep this pattern or not. The processing
continues until we find all the local frequent patterns.
Example 6. For example, in Figure 1, given the query
region R1 and the frequency threshold 3. We first retrieve
the keywords fall in R1 , i.e., t1 , t2 , t3 . Based on their sketch,
we can estimate the local frequency of them as 5, 4, 3.3
respectively, so S1 = {t1 , t2 , t3 }. Then we expand the
patterns in S1 , only pattern {t1 , t2 } pass the pruning
rules and is added into C2 . t3 fails to expand since it has
no neighbours in the sketch graph. After estimating the
frequency of patterns in Ck , {t1 , t2 } is added to S2 . Then
the processing is terminated, since no patterns in S2 can
be further expanded.
Algorithm 2: IK sketch based LFP Identification
Input : R : query region, L : IK sketch of D,
G : sketch graph, θ : frequency threshold.
Output: LFP in R
1 {Si } ← φ ;
2 for each ti ∈ V(R) do
3
D̂ti ← estimate the size of ti ∈ R based on
Equation 1 ;
4
if D̂ti ≥ θ then
5
S1 ← S1 ∪ {ti } ;
6
7
8
9
10
11
12
13
14

k←2;
while Sk−1 6= φ do
Ck ← expand the patterns in Sk−1 based on
sketch graph with one keywords ;
for each P ∈ Ck do
D̂c ← estimate the size of P based on
Equation 3 ;
if D̂c ≥ θ then
Sk ← Sk ∪ P ;
k ←k+1 ;
return ∪Si

Discussion. In worst case, the sketch graph will offer
no pruning power. In this case, we may need to
enumerate all the local patterns and check their local
frequency by doing sketch intersection. Suppose, there
are a local frequent keywords, the average sketch
length in the query region is b, and average frequent
pattern size is c. Then the time complexity is bounded
by O(bc · 2a ) in the worst case, since we need to
estimate O(2a ) patterns frequency and each cost is bc.

4

E NHANCED S KETCH G RAPH

BASED

AP-

PROACH
Based on IK sketch and sketch graph, we can answer
the LFP query efficiently and accurately. However,
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there are still some limitations in the efficiency of the
query processing. In this section, we firstly introduce
the enhanced sketch graph, which store more information in the sketch graph to further reduce the pattern
enumeration and verification cost. Secondly, based
on the new data structure, we propose a depth-first
order based search algorithm to reduce the number of
intermediate patterns enumerated in the LFP query.
The accuracy of answering the LFP query only
depends on IK sketch, while sketch graph only accelerate the query processing. Similarly, the enhanced
sketch graph also only accelerate the query processing.
4.1 Motivation
In this section, we introduce the motivations of designing enhanced sketch graph and the depth-first
order based algorithm.
In Algorithm 2, to answer LFP query, we many need
to enumerate many candidate patterns and check
the co-occurrence of keywords in the sketch. As we
explore the real twitter cleaned dataset (the dataset
cleaning procedure can be referred to the experiment
section dataset description), we found the frequent
local patterns can be classified into two classes based
on the pattern size.
• In the first class, the pattern size is usually very
short, e.g., less than four keywords. This is quite
natural to understand that for most events, the core
event can be described in very few words, such
as “NBA final”, “open week”, “Australia national
museum”, etc. While people tend to use different
words to describe the events. Consequently, only the
core events keywords will become local frequent.
• In the second class, the pattern size can be very
long. This usually happens in some national news,
weather report, advertisements, etc. In this class,
the tweets are related to some ground truths or
spams. For example, at the begin of the day, many
official news account we sends tweets about the
local weather and some people may retweets these
tweets as a reminder. Most twitter accounts are
using the same words to describe these events,
like weather report which may only have slightly
different in temperature. In the experiments, we list
examples of found pattern for weather report and
advertisement.
The enhanced sketch graph is motivated by the
property of microblogs in the first class. If we can
accelerate the verification or pruning of patterns with
size less then four with small cost, the efficiency can
be greatly improved. When there are long frequent
patterns, the depth-first search will reduce the number
of intermediate results enumerated.
4.2 Enhanced Sketch Graph
In the enhanced sketch graph, we utilize the first
property, we add more information to maintain the
co-occurrence of patterns within size three. In addition, we maintain more spatial information in the

new data structure to reduce the verification cost. We
modified the sketch graph in two aspects: 1) pattern
co-occurrence information; 2) spatial information. As
shown in Figure 2(c) is the enhanced sketch graph
corresponding to the example in Figure 1.
Data Structure: Pattern Co-occurrence Information.
As motivated that there are large number of frequent
patterns are of short size, we change the sketch graph
into a directed graph to approximately maintain the
occurrence of patterns with size less or equal than
three.
In an enhanced sketch graph Ge = (V, Ee ), the
node set V is the same as that in the sketch graph,
denoting each keyword appeared in the IK sketch.
Suppose there is a global order among all the keywords (nodes). Given two nodes vi , vj ∈ V , we have
vi < vj if i < j, similarly for ti , tj . An edge eij ∈ Ee is
a forward edge, if i < j, otherwise eij is a backward
edge.
Definition 4. (Successive Keywords) Given a sampled
object d and two keywords ti , tj ∈ d.V, we say ti and
tj are successive in d if ti < tj and there is no keyword
tk ∈ d.V which satisfies ti < tk < tj .
Given two keyword ti , tj and ti < tj , then weight
w(eij ) of edge eij is the number of co-occurrence
when the two keywords are successive in the sampled
objects; the weight w(eji ) of edge eji is the number
of co-occurrence when the two keywords are not
successive. Note that the sum of the edges’ weight
between two nodes, i.e., w(eij ) + w(eji ), equals the
number of co-occurrence of the two nodes in the IK
sketch.
Example 7. As shown in Figure 1, t4 and t5 are successive
keywords in all the samples, thus w(e45 ) = 4 and w(e54 ) =
0. t4 and t6 are successive keywords in sample d7 , and not
successive in samples d5 , d8 , d14 , d16 , in hence, w(e46 ) = 1
and w(e64 ) = 4. w(e46 ) + w(e64 ) = 5 is the number of
co-occurrence of t4 , t6 in the samples.
Given the enhanced sketch graph and a pattern
{ti , tj , tk } and i < k < j. We do not need to check
the pattern if w(eki ) = 0 or the estimated number of
co-occurrence is less than the threshold when ti and
tk are not successive. For a pattern with size larger
than three, any subset of size three should fulfil the
backward edge requirement.
Data Structure: Pattern Spatial Information. Changing the edges in sketch graph into directed edges,
we store more keywords co-occurrence information. However, these co-occurrence information is for
global space. When querying a part of the keywords,
we still needs to do the sketch intersection. For instance, in Figure 1, when the query region is grid 3
and the threshold is 4, we still needs to estimate the
pattern local frequency by using the sketch.
This motivates us to store more information for
the local region to speedup the verification. Based
on the spatial order, the space is partitioned into a
set of small grids g = {g1 , g2 , ...}. The general idea
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is to store the weight for nodes and edges in each
local grid where they appear . For each node ti , we
store a set of tuples w(ti , gi ), htgii , where w(ti , gi )
is the number of appearances for ti in gi , and htgii
is the largest hash value for ti in gi . For the edges
between two nodes ti , tj , we store a set of tuples
e
s(eij , gi ) · w(eij , gi ), s(eji , gi ) · w(eij , gi ), hgij
, where
i
w(eij , gi ) is the number of co-occurrence of ti , tj in
e
gi when they are successive keywords, hgij
equals
i
t
e
appears
min{htgii , hgji } and s(eij , gi ) equals -1 if hgij
i
in both L(ti ) and L(tj ), otherwise s(eij , gi ) equals 1.
Similar definition goes for w(eji , gi ) and s(eji , gi ).
Example 8. As shown in Figure 1, for keyword t1 , we
store h2, 0.2i , h1, 0.25i since t1 appears in two grids with
weight 2 and 1; for the edge between t1 and t2 , we store
h-1, 0, 0.2i , h-1, 0, 0.25i, since t1 and t2 are successive
keywords and have one co-occurrence in both grids. In
addition, 0.2 and 0.25 appear in both keywords’ sketch, thus
s(e12 , gi ) equals -1. Then to find the intersection size of two
keywords, we can directly check the edges information.
Lower Bound and Upper Bound of Patterns. Given
a query region R, let gup (R) be the set of minimum
number of grids that covers R, and let glow (R) be the
set of maximum number of grids than covered by R.
Then we merge the statistics in gup (R) and glow (R)
to estimate the lower bound and upper bound of a
pattern’s frequency in the query region. The estimation method is similar to that we estimate the pattern
frequency upper bound using the sketch graph. Then
two pruning and verification rules come directly: 1)
if the lower bound of the pattern frequency is larger
than the given threshold, we can claim it is frequent
without further verification, 2) if the upper bound of
the pattern frequency is less than the threshold, we
can discard the pattern immediately.
Example 9. The query region is R2 in Figure 1. Then
glow (R2 ) = {g2 , g4 }. Suppose we want to estimate the
frequency lower bound of pattern {t4 , t5 , t6 }. The sum of
the weight of edge e64 is 4 in glow (R2 ), and t5 is the only
nodes which ranks between t4 and t6 . Thus the pattern
appears in the samples at less 4 times in glow (R2 ). Based
on the hash value stored, we can estimate the lower bound
as (4 − 1)/0.55 = 5.5.
Discussion. We discuss some details in the real implementation for enhanced sketch graph. In the enhanced
sketch graph, for each edge, we may need to twice
space to store the co-occurrence information, since
there can be two edges between a pair of keywords
at most. For the spatial information, we do not need
to store additional information for nodes, since in IK
sketch, we have index each list based on the spatial
order, thus we can quickly retrieve the information
of nodes, i.e., the weight and hash value in each
grid. For edges, we only store the spatial information, when the two keywords are frequent than a
predefined threshold. Because when then keywords
are not frequent, we can get the spatial information
by quick sketch intersection. Moreover, since many co-

occurrence keywords have the local property, such as
“Opera House”, that is, it will only have co-occurrence
in limited number of grids. Consequently, the number
of tuples maintained for each edge is not large and it
will not result large cost in space.
4.3 Enhanced Sketch Graph based LFP Identification
In this section, we introduce a depth-first order based
algorithm for processing LFP query. As we have
stated, there are some patterns of large size in the
microblogs. In this case, the Apriori based method
will enumerate many intermediate patterns.
Example 10. Suppose we have a local frequent pattern
{t1 , t2 , t3 , t4 }. Based on the Apriori framework, we first
find {t1 }, {t2 }, {t3 }, {t4 } are frequent; next we find all
the patterns of size two are frequent; then we find all the
patterns of size three are frequent and finally we identify
{t1 , t2 , t3 , t4 } is frequent. Thus a lot of intermediate results
are enumerated. Following the depth-first order, we will
find patterns {t1 }, {t1 , t2 }, {t1 , t2 , t3 } and {t1 , t2 , t3 , t4 }
are frequent in order. Even though we will enumerate
some other patterns in the follows, since we have already
find {t1 , t2 , t3 , t4 } is frequent, these patterns will have no
checking cost. Thus, the depth-first order based search can
save a lot of cost when the pattern size is large.
Suppose there is a global order among all the
keywords based on the keyword subscripts. Given a
keyword ti and a pattern P , we have ti < P if ∃tj ∈ P
that i < j , and we have ti > P if i > j for each tj ∈ P .
The general idea of the algorithm is that for a pattern
P , we maintain two lists I, X for it. I, X store all the
keywords ti for P that P is still local frequent if we
add ti into P . The difference is that for ti ∈ I we
have ti > P ; for tj ∈ X we have ti < P . Each time
we select a node from I added to P and update I, X.
When both lists are empty, we get a LFP; if X is not
empty, then P must be a sub-pattern in the previous
found ones. Algorithm 3 introduces the details of the
algorithm
Algorithm 3: LFP Identification based on Enhanced Sketch Graph
Input : Ge : enhanced sketch graph; L : IK
sketch; θ : frequency threshold; R : query
region.
Output: LFPs in R.
1 I ← frequent keywords in R ;
2 P, X ← φ ;
3 sort I based on keyword order ;
4 Enum(P , I, X) ;
In Algorithm 4 Line 4 and 5, there are two functions GetN extI (I, v) and GetN extX (X, v). These two
functions are used to refine the list I and X when we
add node v to the current pattern. In the refinement,
it keeps I and X with the satisfied nodes, and it uses
the enhanced sketch graph to accelerate the pruning
of non-qualified nodes. Since we always add nodes to

1041-4347 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TKDE.2016.2578330, IEEE
Transactions on Knowledge and Data Engineering
10

Algorithm 4: Enum(P , I, X)
Input : P : a frequent pattern; I, X : candidate
nodes list.
1 if I = φ and X = φ then
2
return P
3
4
5
6
7

for each v ∈ I do
I ′ ← GetN extI (I, v) ;
X ′ ← GetN extX (X, v) ;
Enum(P ∪ {v}, I ′ , X ′ ) ;
I ← I \ {v} ;

the pattern with larger order, if in the final I is empty
and X is not empty, it means the found pattern must
be a sub-pattern in the previous found patterns. Thus,
we only return a pattern when I and X are empty as
shown in Algorithm 4 Line 1.
Example 11. Following Example 10, we start the enumeration from keyword t1 . When current pattern is {t1 },
I = {t2 , t3 , t4 } and X = {}. After we get the pattern
{t1 , t2 , t3 , t4 }, I and X are both empty, so the pattern is
returned. Then we back track to the pattern {t1 , t2 }, and
I = {t3 , t4 } and X = {}. After adding t4 into the pattern,
we have I = {} and X = {t3 }, because t3 < {t1 , t2 , t4 }.
Then the pattern will not be returned.
Discussion. For Algorithm 3 in the worst case, we
need to enumerate all the LFP. Thus, the worst case
performance is the same as the IK sketch based approach.

5

LKFP I DENTIFICATION

To answer LKFP query, naively, we can maintain a
top-K min-heap and follow the Apriori framework
utilizing IK sketch. We continuously update the frequency threshold during enumeration process until
we find top-K local maximal patterns. This algorithm,
denoted as IKK, serves as the baseline method for
answering LKFP query based on IK sketch. However,
this approach will enumerate many intermediate patterns that may not be included in final top-K results.
So in this section, we develop an efficient algorithm to
answer LKFP query based on the property of top-K
query using IK sketch and enhanced sketch graph.
Motivation. To reduce the number of patterns enumerated, a critical point is to reduce the keyword
space for enumeration and set a proper stop conR
dition. Let fdk
denote the k-th distinct frequency
of keywords in the query region R. For example,
suppose the frequency of keywords in region R is
R
{t1 : 5, t2 : 5, t3 : 3, t4 : 2}, then fd2
= 3, since t1
and t2 have the same frequency. Given a region R, the
R
set of top-dK frequent keywords VdK
in R is defined
R
as {t | t ∈ R ∧ f (t, R) ≤ fdK }. In order to answer
LKFP query, Theorem 1 suggests that we only need to
enumerate over the top-dK frequent keywords in the
query region. Consequently, we can gradually expand
over the top-dK keywords for enumeration. Following
the previous example, the top-d2 frequent keywords
are {t1 , t2 , t3 }. To find top-2 local maximal patterns, we

only need to enumerate over {t1 , t2 , t3 }, since the final
top-2 results may be {t1 , t2 } and {t3 }. Algorithm 5
describes the details of LKFP identification algorithm.
Theorem 1. Given a query region R and the set of topR
dK frequent keywords in the query region VdK
. To answer
R
LKFP query, we only need to enumerate patterns over VdK
.
Proof: We prove the correctness by contradiction.
Given a query region R and top-K K, suppose we
find the result set of LKFP query, and one of the result
patterns P includes a keyword t1 which is not in topR
dK frequent keywords, i.e., t1 ∈ P and t1 ∈
/ VdK
.
Then the frequency of this pattern must be smaller
than the frequency of pattern t1 based on the Apriori
property, i.e., f (P, R) ≤ f (t1 , R). It means that there
must be a keyword t2 belongs to the top-dK, but it
is not included in any of result patterns. However, t2
must belongs to a maximal pattern which frequency
is not smaller than f (t2 , R), otherwise t2 itself will
become a maximal pattern according to the maximal
definition. We have f (t2 , R) > f (P, R), hence pattern
{t2 } must be returned instead of P . This contradicts
our assumption.
Algorithm 5: LKFP Identification
Input : G : enhanced sketch graph, L : IK
sketch, K : top-K, R : query region.
Output: LKFP
R
R
1 for i ∈ [1, K] do Ii ← Vdi /Vd(i−1) ;
2 H, C, X, I ← φ ;
3 for each i ∈ [1, K] do
Si
4
I ← 1 Ij ;
5
for t ∈ Ii do
6
SP ← Enum′ (t, I, X) ;
7
I ← I \ {t} ;
8
insert (Pi , I, X) into C, H for Pi ∈ Sp ;

14

while C 6= φ and C.top ≥ H.top do
(P, I, X) ← C.pop ;
for each t ∈ I ∩ N (P ) do
Pt ← P ∪ t ;
SP ← Enum′ (Pt , I ∩ N (Pt ), X ∩ N (Pt )) ;
update C, H ;

15

return H

9
10
11
12
13

Algorithm. Algorithm 5 follows the best first framework to find the top-K results. H is a min heap
which stores the current top-K results, and C is a max
heap which stores the candidate patterns. Obviously,
if C = φ or C.top < H.top, we can terminate the
algorithm and return H as shown in Line 9. In Line 1,
R
the keywords with frequency fdi
are firstly identified
R
and stored in Ii , with Vd0 = φ. By setting each
keyword t ∈ Ii as the initial enumerated keyword, we
find a set of maximal patterns with frequency equals
f (ti , R) in Line 3 to 8. According to Lemma 1, to
generate a maximal pattern with the first keyword
Si
as t ∈ Ii , we only to enumerate over 1 Ij . The
found patterns SP in Line 6 are inserted into H as
initial top-K results, and they are also inserted into
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candidate heap C. The function Enum′ is similar to
Algorithm 4. The difference is that in the algorithm
GetN extI and GetN extX return the set of candidate
keywords which will not decrease the frequency of
current pattern; it will enumerate only if the pattern
frequency is not smaller than H.top, when |H| = K.
The keywords are ordered based on the inverse order
of frequency, which means we only attempt to add
a more frequent keywords into current pattern. In
the second step, for each candidate pattern P in C,
we enlarge it with 1 candidate keyword in Line 12,
and continue the enumeration and find a maximal
pattern. If the found patterns frequency are smaller
than H.top they will be discard directly; otherwise the
found patterns are used to update the heap H and
inserted into candidate heap C.
Example 12. For the simplicity of explaining the algorithm, suppose we sample all the data. Thus the estimate
frequency is the exact frequency. Given K = 3, the local
data are shown like this: t1 : 10, t2 : 10, {t1 , t2 } : 5,
t3 : 4, t4 : 3. Thus I1 = {t1 , t2 }, I2 = {t3 } and I3 = {t4 }.
Based on the algorithm, we first enumerate a set of patterns
from Ii with frequency not less than itself. From I1 we will
enumerate patterns {t1 } and {t2 } with I equals {t2 } and
{t1 } respectively. From I2 , I3 , we get patterns {t3 }, {t4 }.
So in heap H, we have {t1 }, {t2 }, {t3 }, and in candidate
heap C we have all the four patterns. In the next round,
we pop {t1 }. After expanding the pattern, we get {t1 , t2 }.
Since the frequency of {t1 , t2 } is larger than t3 , we update
H and insert it into C. Then, we will pop {t2 } and {t1 , t2 }
for pattern expansion. Since they do not need to expand
anymore, we just discard it. Then the top in C is {t3 }
which frequency is less than that of {t1 , t2 } (top in H).
Then we stop the algorithm.
Discussion. Suppose the average sketch length in local is b. For the keywords in Ii , it will try to enumerate
the pattern with keywords in ∪i1 Ii . Thus in the worst
K
case, there will be 2|∪1 Ii | patterns enumerated. Then
K
the time complexity is bounded by O(bK2|∪1 Ii | ).

6

E XPERIMENT

In this section, we present the results of a comprehensive performance study to evaluate the efficiency and
effectiveness of the proposed techniques.
6.1 Experiment Setup
Algorithms. As there is no previous work for the
problem of local (top-K) frequent patterns identification over geo-tagged microblog stream, we use a
uniform sampling based approach as the baseline
method. The algorithms investigated in the experiments are listed as follows.
• UNF/UNK. Algorithms to answer LFP/LKFP query
based on uniform sample method and Apriori
framework.
• IKF/IKK. Algorithms to answer LFP/LKFP query
based on IK sketch and sketch graph proposed in
this paper.

IKGF/IKGK. Algorithms for LFP/LKFP query
based on IK sketch and enhanced sketch graph
proposed in this paper.
• IKGFS/IKGKS. Algorithms for LFP/LKFP query
based on IK sketch and enhanced sketch graph
proposed in this paper and enforce the space to be
the same as IKF/IKK by reducing the sample size.
Dataset. One real Twitter dataset from [30] is employed in the empirical study, which is collected from
September 2012 to February 2013. For the effectiveness of the query processing, we clean the dataset
by removing the stop words, links, special symbols,
usernames and words with length less or equal than
two. We also remove the tweets without words after
cleaning. Finally, we have more than 300 million
tweets with average tweets length equals to 5.7. The
tweets are collected using Twitter API from the whole
world, so the coordinator are from -90 to 90 and 180 to 180 corresponding to the latitude and longitude
respectively.
Workload. In the experiment, we only evaluate the
sliding window model which is more interesting to
users in real applications. The slide window size n
varies from 1 million to 9 million, with 1 million as
default value. The query region is a rectangle whose
center is randomly selected from the locations of
objects underlying the whole space. The query region
size varies from 1% to 15% in term to the ratio of
whole space with 5% as default value. The sample size
l is defined in term of ratio of sliding windows size,
which varies from 0.1% to 10% with 5% as default
value. For LFP query, the query frequency threshold
varies from 1000 to 5000 with 2000 as default value.
For LKFP query, the query K varies from 1 to 100 with
10 as default value. For each problem, we generate the
500 queries, and the average performance is reported.
Since the query regions are randomly selected, they
may have overlapping in space.
To evaluate the effectiveness of proposed techniques, precision and recall are reported for LFP
queries. The precision is calculated as the number of
true LFPs in the returned results dividing the number
of patterns returned. The recall is calculated as the
number of true LFPs in the returned results dividing
the total number of true LFPs. For LKFP queries, recall
is reported by varying different parameters. The recall
for LKFP queries is calculated as the number of true
LKFPs in the returned results dividing K. To measure
the efficiency of the algorithm, the response time and
sketch update time is reported.
All algorithms are implemented in C++ with GNU
GCC 4.8.2 with -O3 flag. Experiments are conducted
on a PC with Intel Xeon 3.4GHz CPU and 32G memory using Redhat Linux.
•

6.2 Effectiveness Evaluation
In this section, we present the effectiveness evaluation
of the algorithms.
Effectiveness Examples. We list five patterns we
found in the dataset as follows.
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•

•

•

•

•

Pattern “high school” in Raleigh. It is the first day
of a local high. Some students sent tweets about
the day, and some people sent tweets about seeing
many high school students.
Pattern “just became mayor” in Bandung. The
pattern is frequent because of the popularity of
Foursquare app. In the app, if you checkin in a
venue more frequent than others, you just became
the mayor of the venue. In addition, Bandung is
a tourism city, which will attract more people to
checkin.
Pattern “international airport” in Bali, where many
people leave and arrive Bali international airport
as a tourism. For such a beautiful place, many
people sent tweets about the sadness of leaving and
happiness of arriving.
Pattern “falling temperature rain today humidity”
in Auckland, which is a news about the changing weather. Thus many accounts and people sent
tweets or retweeted about the news.
Pattern “civil structural engineer jobs” in Colorado,
which is an advertisement or spam about the new
job.

As we can see, the found patterns fulfil the classification as we mentioned. For local interesting news,
the pattern size tends to be small, since the core event
can be described in a few words. When it comes to
some national news, like the weather report, people
just retweets or send tweets with the same content
as the official account, since it is hard to change the
content. For advertisements or spams, it also tends to
be of long size, since the tweets may be just sent by
some robot accounts.
1

Precision

Precision

1.2

UNF
IKF
IKGFS

0.8
0.6
0.4
0.2
0

1
0.8
0.6
0.4

1

3

5

8

10

1000

(a) Sample Size l

2000

3000

4000

5000

(b) Threshold θ

1.2

UNF
IKF
IKGFS

1

Precision

Precision

1.2

UNF
IKF
IKGFS

1

0.8

UNF
IKF
IKGFS

0.8
0.6
0.4

0.6

0.2
1

5

10

(c) Query Region R

recall compared with IKF method. This is because,
in the enhanced sketch graph, we only allocate more
information for the frequent edges in the real implementation, thus the overhead is not much and IKF
and IKGFS are close in sample size. Compared with
the uniform sampling approach, the effectiveness of
proposed methods are better. This is because bottom-k
is more suitable for set intersection size estimation. In
Figure 3(d), when the sliding window size increases,
the precision drops. This is because the frequency
threshold is not changed, then the number of distinct
keywords increases with the sliding window size,
and the number of patterns increases too. Based on
union bound, we may need more samples to get a
more accurate estimation. However, when the query
size enlarge, the trend is not the same as sliding
window as shown in Figure 3(c). This is because, the
enlarge of spatial region may not include more data or
distinct keywords. For example, there are much more
tweets in downtown than in suburbs. Even if we have
enlarge the space to include the suburbs, the data size
will not change a lot. But by increasing the sliding
window size, the number of distinct keywords grows
much faster.
Effectiveness of LKFP query. Similarly, we report the
performance of IKK, UNK and IKGKS. In Figure 5, we
report the performance by varying different parameters. As we can see, the performance of IKGKS slightly
drops compared with IKK. By varying the sample size
l and top-K K, the performance of proposed methods
are close to UNK, however, they significantly outperform UNK in efficiency as shown later. As shown
in Figure 5(a), by varying the sample size, similar
trends can be observed as in LFP query evaluation.
Varying the top-K K, we report the performance in
in Figure 5(b). As shown, the recall decreases with
the increase of K, because for larger K, we need
more samples in order to bound the correct order
of patterns. In Figure 5(c), the recall of all methods
increases by varying the region size from 1% to 15%.
For LKFP query, the performance is not that sensitive
to sliding window size as LFP query. This is because,
the enumeration space is much smaller than that in
LFP query.

15

1

3

6

9

(d) Sliding Window n

Fig. 3. Precision of LFP Query
Effectiveness of LFP Query. Since enhanced sketch
graph only improves the efficiency for query processing, we report the performance of UNF, IKF and
IKGFS. To evaluate the quality of our approximate
approaches, Figure 3 and Figure 4 depicts the precision and recall for answering LFP queries by varying different parameters. As we can see, the IKGFS
method have only slight drop in the precision and

6.3 Efficiency Evaluation
To evaluate the efficiency of proposed sketch structure and different algorithms, we examine the query
response time and the sketch update time. In Figure 6
and 7, we report the query response time for LFP
and LKFP queries by varying different parameters.
By increasing the sample size, query region size and
sliding window size, all the methods’ response time
increases, since we have more data or samples to
process. The proposed methods significantly outperform the baseline approach, because of the novel data
structure introduced. As shown in Figure 6(d), the
sliding window size has great impact on the response
time for LFP query, this is because, the number of
data grows quickly with the sliding window size,
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Fig. 5. Recall of LKFP Query
and we do not change the frequency threshold θ,
which will result a large number of patterns. Most of
these patterns have no help for event analysis, such as
“right now”. This is the case that we have not select a
good threshold, which leads to long processing time
and many patterns of no help. It is also the reason we
introduce top-K query in this paper.
We also evaluate the update time of IK sketch based
approach and enhanced sketch graph based approach
by changing the space budget. It takes 42.6ms and
113.5ms when sample ratio varies from 0.1% to 10%
for IK sketch based approach. It takes 63.2ms and
151.9ms respectively for enhanced sketch graph based
approach, since it needs to maintain the information
in grid.
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C ONCLUSION

In this paper, we investigate the problem of identifying local maximal frequent keyword co-occurrence
patterns over geo-tagged microblog streams. Specifically, we consider two models, threshold based fre-

(c) Query Region R

(d) Sliding Window n

Fig. 7. Response Time of LKFP Query
quent pattern (LFP) model and top-K based frequent
pattern (LKFP) model. Novel sketch techniques (IK
sketch and enhance sketch graph) are proposed to
summarize the most recent geo-tagged microblog
stream. Efficient pattern identification algorithms are
proposed. Moveover, theoretical analysis is presented
for the space requirement to answer the problems
accurately with summary. In the final, we conduct
an empirical study to demonstrate the efficiency and
effectiveness of our approaches.
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