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Big Spatial-Keyword Data

« Spatial-keyword data is composed of:
— Geo-location
— Textual content, i.e., set of keywords
— Other attributes, e.g., timestamp, user identifier

« Large amounts of spatial-keyword data are
being generated

— Location-aware devices, e.g., smart-phones
— Social networks
— Micro-blogging applications
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Spatial-Keyword Data is Everywhere
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The Scale of Spatial-Keyword Data
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Observations on Spatial-Keyword
Data

* The nonuniform and dynamic nature of spatial-
keyword data




General Purpose Big Data Systems

* These systems are not equipped with
spatial-keyword-specific indexing and
guery processing algorithms

(O quﬁ?‘
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Introduction and Background
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« Spatial-Keyword Applications
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Ad Targeting

Online location-based advertising campaigns

Location-based advertising, e.g., mobile e-
coupons

Also known as location-aware
publish/subscribe systems
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|dentification of Nearby Attractions
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Trip Planning

A tourist wants to identify groups of points
that are close to each other
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Traffic and Navigation Systems
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Micro-Blogs Analysis
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Querying Spatial-Keyword Data

« Spatial-Keyword Queries
» Spatial-Keyword Query Languages
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The Spatial-Keyword Filter Query

* |dentifies objects located inside the spatial

range of the query and matches the
textual crlterla of the query

o q3: café. sale : g1: (coffee, sale) or (tea)

- PURDUE
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The Spatial-Keyword Top-K Query

~+ Retrieve the top-k spatial-keyword objects ranked
based on a function of:

— Distance between the object and the query location
— Similarity between the keywords of the object and the query

« Example: Find the top three tuples that have any of the
keywords: restaurant, seafood

@02: seafood,
restaurant
o1:restaurant, cafe @

q1: seafood, restaurant * O

03:tea, juice

o4:Iphone, Samsung O 05: seafood,
| restaurant

PURDUE

UNIVERS




The Boolean-kNN Query

* A special version of the spatial-keyword
top-K query
— Identify all objects that contain the query
keywords

— Rank these objects based on the distance
between objects and the location of the query
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The m-Closest Keywords (mCK) Query

. |dentify the group of spatial-keyword objects
that collectively cover a set of keywords and
have a minimum diameter

@
® Cinema -'®
@ -Restaurant . \
Cafe . 7

Zhang et al., Keyword search in spatial databases: Towards searching by document, ICDE 2009
Zhang et al., Locating mapped resources in web 2.0, ICDE 2010
Guo et al., Efficient algorithms for answering the m-closest keywords query, SIGMOD 2015
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The Collective Spatial-Keyword Group
Query (CoSKQ)

" Find a group of objects that collectively cover the '
keywords of the query and minimize a function
of:

— The distance between the query and the group
— The distances among the objects in the group

@ ,’1 N
d1 ( g c1 |
O @ :
d2
® Cinema

® Restaurant | - '02

N ~Gafe =y

Cao et al., Efficient processing of spatial group keyword queries, TODS 2015 \C of
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The Top-k Groups Query

 ldentifies multiple groups of spatial-keyword objects that collectively
cover the keywords of the query
* Groups are ranked based on a function of
— Distance of the group to the location of the query
— The distances among the objects in the group
— The multiplicity of objects covering the same keywords
« A group may contain multiple objects covering the same keyword

"H ‘Pl‘ / * - ’ * \ ./ P .. \
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]
.2 @ k'@ . g
. . \ /
\ * - ' / Purdue Memorial Union
¥ . .
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- .
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Skovsgaard et al., Finding top-k relevant groups of spatial web oﬁjeg,af&J.Zow \ . .‘/~
-
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Variations of Spatial-Keyword
Queries

Spatial-Keyword Similarity Join
Spatial-Keyword Skyline Query
Spatial-Keyword queries on road-networks

Continuous queries over spatial-keyword
data streams

Direction-aware spatial-keyword filter
query
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Querying Spatial-Keyword Data

« Spatial-Keyword Queries
» Spatial-Keyword Query Languages
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Querying Spatial-Keyword Data

« Spatial-Keyword Queries

» Spatial-Keyword Query Languages
— MQL
— Atlas
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MQL Micro-Blogs Query Language

* A micro-blogs management system along
with a micro-blogs query language
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Magdy et.al., Towards a microblogs data management system, MDM 2015
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MQL Micro-Blogs Query Language

* SELECT [CONTINUOUS| attr list
FROM stream namel [,stream name2, ...]
[WHERE condition)|
ORDER BY F(arg list)
LIMIT k
ON {LAST T {MINUTES |DAYS} | (T start,T end)}

* SELECT [CONTINUOUS| grouping attr list,
COUNT (attr list)
FROM stream namel [,stream name2, ...]|
[WHERE condition]
GROUP BY grouping attr list
LIMIT k
ON {LAST T {MINUTES |DAYS} | (T start,T end)}
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MQL Micro-Blogs Query Language

« Example: Retrieve the most frequent 10
keywords from tweets in Ukraine since February
18, 2014

SELECT CONTINUOUS keyword, COUNT (x*)
FROM twitter stream
WHERE location WITHIN (52,44.7,39.91,21.8)
GROUP BY keyword
LIMIT 10 ON ("18 Feb 2014",0o0)
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Querying Spatial-Keyword Data

« Spatial-Keyword Queries

» Spatial-Keyword Query Languages
— MQL
— Atlas
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The Atlas Query Language
Spatial-Keyword Building Blocks

* Design building-block operators that can
be composed to realize complex spatial-
keyword queries

— Similar to the relational SELECT, PROJECT,
JOIN building-block operators

/ N\

o o
Mahmood et al., Atlas: on the expression of spatial-keyword
group queries using extended relational constructs, SIGSPATIAL, 2016 T
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The Specification of Atlas

SELECT {*|attr1 [AS alias][,attr2,..]}
FROM source _name1 [,source__
namez, ...]

[WHERE condition]

[ORDER BY F(arg_list)]

[LIMIT {k|condition}]

SELECT grp_attr1[AS alias][,grp_attr2,..}, AGGR_F [AS
alias](attr_list)

FROM source_name1 [,source_ namez2, ...]

'WHERE condition]

PARTITION BY grp_att list AS grp_alias]
[ORDER BY F(grp_arg_list)]

LIMIT K]

HAVING grp_condition]

4/15/21 PURDUE Page 32
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Spatial-keyword Grouping Operators

'« CONDITIONAL LIMIT

— Retrieves a list of items until a condition is satisfied

 PARTITION BY

— Similar to the traditional group-by, yet returns the
group tuples (not aggregates over the groups)

. WITHIN_DIST(D)

— Identifies groups of tuples such that the distance

between every pair of tuples within a group is upper-
bounded by D




Example 1: Spatial-Keyword TOP-K
Query

« Retrieve the top-k spatial-keyword objects ranked by a
function of:

— Distance between the object and the query location
— Similarity between the keywords of the object and the query

« Example: Find the top three tuples that have any of the
keywords: pizza, seafood, pasta

* Q.keywords and Q.loc

SELECT * FROM source S, query Q

WHERE OVERLAP(S.txt, Q.keywords)>0 T
ORDER BY F(DIST(S.loc, Q.loc), OVERL MIT3
LIMIT 3

T F( DIST(q.loc,p.loc),
OVERLAP(p.text,”pizaa, seafood, pasta”))

IO OVERLAP(text,”pizaa, sea food, pasta”) >0

PURDUI A
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Example 2: Spatial-Keyword Group
Query

Find groups of objects that collectively contain the
keywords “cinema, restaurant, cafe” such that objects in
a group are within 3 miles of each other. The groups are
to be ranked by a function of the groups’ inter-object
distances and the distance from each of the groups
to a specific location

SELECT * FROM source S T
WHERE OVERLAP(S.txt, “cinema, restaurant, cafe e
PARTITION BY WITHIN_DIST(S.loc,3) AS G HAVING COVERS(UNION(G.text),"cinema,
ORDER BY F(DIAMETER(G), DIST(CENTROID(C festa?fa“tf cafe”)
HAVING CONTAINS(UNION(G.txt), “cinema, restaq Tt oiamerer 6), bisT(cenTROID(G,q.l0c)
LIMIT 3 4

YWITHIN_DIST( G,3)

C7OVERLAP(te)(t,”cinema, restaurant, cafe”) >0

POls
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Scalable Spatial-Keyword
Systems

« Query-specific algorithms

« Extensions to general-purpose big data
systems

« Spatial-keyword-only systems

PURDUE




Boolean kNN Processing over
MapReduce

Data Division

* A map-reduce

|

, algorithm to answer

| the Boolean kNN
Keyword Check I spatial-keyword query

|

l

Attributes Extraction

over unstructured

Distance Computation

\ _————— _» data
( " | \

o Partition and Sorting

= [

3 [

¢ | Result Generation [

Li et al., Evaluating spatial keyword queries under the mapreduce framework, DASFAA 2012
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Big Spatial-Keyword
Processing Systems

* Query-Specific Algorithms

« Extensions to general-purpose big data
systems

« Spatial-keyword-only systems
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Tornado

. Adaptive and Distributed System for Spatial-
Keyword Stream Processing

— Extend the general-purpose Storm streaming
system

— Distribute the input streams to multiple worker
processes

Mahmood et al., Adaptive processing of spatial-keyword data over a distributed streaming cluster, SIGSPATIAL 2018
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The Storm Streaming System

Storm

o-0-0—f —f —0-0-0-

Input Stream \ Output Stream

Output Stream
Input Stream

Distributed Execution Engine

http://www.business-software.com/wp-content/uploads/2014/09/Storm.png
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Tornado: Adaptive and Distributed System
for Spatial-Keyword Stream Processing
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The Routing Layer

. Partition the space into non-overlapping rectangles
 |dentify evaluators to which data objects and queries belong to
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Tornado: Adaptive and Distributed System
for Spatial-Keyword Stream Processing

« Evaluators use FAST to internally index continuous
spatial-keyword queries

____________________ Data \________
;/ Source ™\
1 .

ﬁornado

i

"
<
L
C
Q
—
o
-

1
"
<
L

C
Q
—
o
-
'
<
L
C
Q
—
o
-

————————————————————————————————————————————————————

PURDUE

UNIVERSITY




Limitations of Existing Spatial-
Keyword Indexes

 Integrate a spatial index with a textual index

— Do not account for the popularity of keywords across
different regions
« Spatial Indexes
— R-tree
* High update overhead
— Grid

« High memory requirements due to replication of textual
structures in multiple grid cells

PURDUE
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Limitations of Existing
Spatial-Keyword Indexes

« Textual Indexes

. P — , Posting list
— Ranked inverted list e, Bt ° (o)
« Poor search performance for long posting lists ==t

— Ordered keyword trie
« Similar to the traditional trie
« High memory requirements
« Requires having a total order on the keywords
* Requires knowing the entire vocabulary

PURDU
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The Adaptive Keyword Index (AKI)

A textual index that accounts for the popularity of
keywords

Starts as a ranked inverted list (RIL)

The frequent-keyword threshold 0 is used to prevent
having long posting lists

A query is attached to its least frequent keyword

Frequencies of keywords are not known apriori
— progressively maintained

PURDUE




The Adaptive Keyword Index (AKI)

« When the number of queries attached to a keyword
exceeds the frequent-keyword threshold 6, mark it as
frequent

Frequencies Map

—>q1——>q2-——>q5 K1| 3
K4 1| q3 |—>| g4

—__ K4| 2

0 =2




The Adaptive Keyword Index (AKI)

« Use more keywords of queries to improve textual
discrimination

k2 —>| g5
k3 —>{ Q2 Frequencies Map
k1 84— q1 K1| 3
K4 1 g3 |—{ g4
\ ) K4| 2

D
I
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The Adaptive Keyword Index (AKI)

 What happens when many queries have the exact
same keywords?

This posting list is long
assuming g2, g6, and q7 all have the keywords k1, k3

PURDUE
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FAST

(=t

/ ) \.,[m]_,| a7 )

Replication that increases
the memory overhead
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Memory Optimization in FAST

» Spatial cell sharing
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Object Matching: Searching FAST

Do not descend for non T2 -
existing keywords =

| ,
/ e
- I
ra—a [
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Object Matching: Searching FAST

* Do not descend for
- 95
iInfrequent keywords
k1 1
/54 /“ :;_____:Cl____.,
\
, T et
/ I \
/ I \
// " i
/
y ([
s 4 | o q
/ I
£ I
Fa—a
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Object Matching: Searching FAST

Do not descend for
iInfrequent keywords

. G
Y. 0 - (
=) )
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PS2Stream

 Distributed publish/subscribe system
« Extends the storm streaming system

Indexed STS
queries

query updating
object matching

Workload Distribution
strategy

=
L

Spatio-textual objects

STS query updating

>
>

~006)
OO

dispatchers ‘k mergers
workers
Chen et al., Distributed Publish/Subscribe Query Processing on the Spatio-Textual Data Stream, ICDE 2017
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Scalable Spatial-Keyword
Systems

* Query-Specific Algorithms

» Extensions to general-purpose big-data
systems

« Spatial-keyword-only systems
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TwitterStand

. Detection of news from Twitter

TWITTER
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| Seeders ,"
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Z | Search
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REND |
< FMNDER -

],
|
' LQ

A A 4

LASSIFIER

ONLINE
CLUSTERER

i ]

NEWS A3 TWEETS

Sankaranarayanan et al., Twitterstand: news in tweets, SIGSPATIAL 2009
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TwitterStand
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TAGHREED

* Answers spatial-keyword queries over
micro-blogs including:
— Spatial-keyword filter
— Top-k frequent keywords
— Top-k active users

— Top-k famous users
— Aggregates over micro-blogs
— Top-k languages used while tweeting

Magdy et al., Taghreed: A System for Querying, Analyzing, and Visualizing Geotagged Microblogs, SIGSPATIAL 2014
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TAGHREED
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Research Directions

* Benchmarking
* Pipelined Evaluation
* Big Spatio-Temporal-keyword Processing

PURDUE




Benchmarking Big Spatial-Keyword
Systems

- Spatial-only benchmarks
— Jackpine | »

Relational benchmarks - ..-.-.-‘..;._:-'

http://csng.cs.toronto.edu/projects/20
http://dna.fernuni-hagen.de/secondo/BerlinMOD/BerlinMOD.htm|
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Benchmarking Big Spatial-Keyword
Systems

» EXxisting spatial-keyword benchmarks
— Limited set of queries

— Specific use cases, e.g., social-network
analysis

Chen et al., Spatial keyword query processing: An experimental evaluation, PVLDB 2013
Panda et al., Performance Evaluation of Social Network Using Data Mining Techniques, Computational Social Networks 2012
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Benchmarking Big Spatial-Keyword
Systems

» Large spatial-keyword datasets

* Support of a wide range of spatial-keyword
queries

« Support of several evaluation scenarios

— Batching
— Streaming
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Research Directions

* Benchmarking
* Pipelined Evaluation
* Big Spatio-Temporal-keyword Processing
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Pipelined Evaluation of
Big Spatial-keyword Queries

* Design building-block operators that can
be composed to realize complex spatial-
keyword queries

— Similar to the relational SELECT, PROJECT,
JOIN building-block operators
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Research Directions

* Benchmarking
* Pipelined Evaluation
* Big Spatio-Temporal-keyword Processing
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Big Spatio-Temporal-keyword
Processing

« Spatial-keyword data are often associated
with temporal attributes
— Time-stamp of tweets
* We need to investigate
— Indexing
— Processing
— Query processing and Query languages

PURDUE




Thank you!
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