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Abstract

Due to the rapid growth in the usage of location based services, abundant text data

is being generated that contain spatial information. Because of this surging com-

bination, spatio-textual queries and in particular, spatio-textual join have gained

prominence in recent times. Spatio-textual similarity join is a special kind of oper-

ation for finding documents, which are both spatially close and textually relevant.

Joins in databases are considered to be the most expensive database operation; simi-

larly spatio-textual similarity join is a highly resource intensive operation. Therefore,

it is natural to consider approaches to parallelize this operation.

On the other hand, many modern parallel multi-core systems adopt a NUMA-based

memory architecture. NUMA systems entail varying memory access latencies across

nodes, which may adversely affect overall query latency. Recent work on spatio-

textual similarity join algorithms have not addressed the effects of non-uniform ac-

cess latencies in multi-node NUMA systems. In this thesis, we explore several ap-

proaches to parallelize spatio-textual similarity join on modern hardware. Moreover,

we propose three NUMA-aware algorithms. Specifically, we propose a NUMA-aware

algorithm that exploits topology-aware work-stealing with adaptive data placement,

which performs the best. We evaluate and conduct various experiments with real-

world datasets. We demonstrate that our NUMA-aware algorithms perform signif-

icantly better than existing approaches that are not NUMA-aware, and in the best

case we observe 83× speedup over the baseline.
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Chapter 1

Introduction

With the advent of the Global Positioning System (GPS), most devices like mo-

bile phones, car navigation systems and other Internet of Things (IoT) devices are

equipped with the ability to locate themselves in near-real time on or near the earth’s

surface. The last decade has seen an unprecedented rise in social media sites that

are generating large amounts of data. This includes various types of data, such as

image data, audio, video, and spatial data including the of location of users, sensors

and devices along with text-based data describing users, sensors and their activities.

In a report on big data, McKinsey Global Institute estimated the volume of spatial

data to be about 1 petabyte in 2009 [15] and this is growing at 20% every year. It is

estimated that about 80% of data in corporate databases have a spatial component.

Spatial data is vital, not just for navigation systems and mapping applications like

google maps, but increasingly for analytics in advertising, transportation, energy and

related industries. Location specific data along with associated text data offer sig-

nificant opportunities. Spatio-textual data have been studied and applied for some

time now, and a few kinds of spatio-textual queries, such as k-nearest neighbour

(kNN) and range queries, have received a lot of attention. An example of range

query (circular) is if a person wants to find all the Indian restaurants within 10 km
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of her vicinity. Spatio-textual Similarity Join (STSJ query) [9] is another kind of

spatio-textual query. Given two datasets consisting of spatio-textual documents, an

STSJ aims to find all the possible combinations of records from these two datasets

that satisfy a spatial distance and a textual similarity criteria. STSJ can be per-

formed on a single dataset as well (self join). As an example, if we want to list all

the users of twitter or facebook, who are within 1 km of each other and have 80%

match in their tweets (with twitter) or posts (with facebook), we can analyse such

cases with spatio-textual join.

A fundamental consideration in spatio-textual similarity join query processing is how

to handle the text data. In the domain of natural language processing (NLP), text

documents can be treated as string of characters or can be divided into n-grams. In

the areas of information retrieval and database query processing, a text document

is usually treated as a set of words or tokens. Thus, the text based similarity join

problem can be formulated as a set similarity join problem. In recent times, several

set similarity join approaches have been proposed, such as ALL-PAIR [11] and PPJ

[37]. These algorithms utilize inverted index based approaches with different pruning

techniques. Bouros et al [9] proposed Spatio-Textual Similarity Join (STSJ), which

integrates spatial pruning and textual pruning to perform spatio-textual join. Star

Join [24] integrates an R-tree with ALL-Pair. Most of the approaches are restricted

to operate on a single node. A distributed approach by Zhang et al. [38] uses Map-

Reduce to make it scalable; we discuss their approach in the related work chapter.

Join is arguably the most expensive of all database operations [8]. Furthermore,

queries involving text and spatial data operations are typically more compute in-

tensive compared to those on regular scalar data. STSJ, being a join involving

spatial and textual data components, is therefore a complex operation. It is nec-

essary to explore how to efficiently parallelize STSJ queries. Modern multicore

machines, commonly based on NUMA, offer ample opportunities for such paral-

2



Table 1.1: Spatio-Textual Similarity Join Algorithms (baseline and proposed)

Algorithm Description NUMA Partition Work
name Aware Method Stealing

SEQ-STSJ-B SEQuential STSJ Baseline No Grid No

NU-STSJ-B NUMA Un-aware STSJ Baseline No Grid No

NA-STSJ-BP NUMA Aware STSJ Bin Packing Yes Grid No

NA-STSJ-Q NUMA Aware STSJ Quadtree Yes Quadtree No

NA-STSJ-WS NUMA Aware STSJ with Yes Quadtree Yes
topology-aware Work Stealing

lelization. NUMA stands for Non-Uniform Memory Access, which means that the

memory system (RAM) is not uniformly distributed across all cores. Instead, the

system is organized into multiple nodes, each of which has its own set of cores and

memory bank attached to it in a single socket. These nodes are connected to each

other via an interconnection network. This gives rise to non-uniform memory access

latencies between nodes. For example, if a CPU in node 1 needs to access memory

on node 1, it can access that with minimum latency. However, if it is required to ac-

cess memory of a different node, memory access latency will increase. This is called

the NUMA factor [18][25]. Nodes are connected via a high-speed interconnection

network, such as Intel’s QuickPath Interconnect (QPI) and AMD’s HyperTransport

(HT). One of the main reasons for the popularity of NUMA machines today is be-

cause they provide scalability. Application developers, however, must address

variable access latencies by making applications NUMA-aware.

To the best of our knowledge, none of the existing STSJ query algorithms mentioned

earlier take NUMA architectures into account. Since joins are computationally ex-

pensive operations, reducing the query latency by even a small margin per join

operation, can amount to huge time savings within an application. We explore sev-

eral approaches to parallelize STSJ queries. As with [38] (which is a Map-Reduce

implementation of STSJ), we utilize PPJ [37] as the basic algorithm to perform sim-

ilarity join. In Table 1.1 our algorithms are outlined. SEQ-STSJ-B is a sequential

baseline STSJ algorithm, which is used for comparison with our other approaches.

3



NU-STSJ-B is a parallel version of the sequential algorithm, which is essentially

a parallel baseline algorithm designed to operate on a symmetric multiprocessing

(SMP) system. The parallel baseline version, NU-STSJ-B, is not NUMA-aware. We

develop a NUMA-aware parallel STSJ algorithm, NA-STSJ-BP, by utilizing in-built

NUMA library libnuma to support NUMA awareness at the OS level. NA-STSJ-BP

uses regular grid based spatial partitioning. Since load balancing is an important

factor to consider in any parallel application, NA-STSJ-BP incorporates a bin pack-

ing technique to create task partitions, in an effort to distribute the spatial partition

evenly among the NUMA nodes. Skewness is a key issue to address in parallel

spatial query processing. Therefore, to support skew-resilience, we improve on NA-

STSJ-BP and develop a NUMA-aware skew resilient parallel STSJ algorithm called

NA-STSJ-Q. It uses a quadtree based spatial partitioning. To further improve paral-

lel performance of STSJ by incorporating dynamic load conditions in load balancing

decisions at runtime, we introduce a topology-aware work stealing based technique,

NA-STSJ-WS, which utilizes information regarding the topology of the machine. We

introduce the idea of remote and local queue per NUMA node. Each node can ex-

ploit the information about its nearest neighbours and if it is idle, it can steal work

from the remote queue of its nearest neighbours.

We conduct extensive experimental evaluation with several real-world datasets. In

our evaluation the performance of NUMA-aware algorithms are compared against

our implementation with serial and parallel baseline versions of STSJ. Experimental

results show that algorithm NA-STSJ-WS attains about 83× speed-up in STSJ join

time over the sequential baseline, and 3.6× speed-up over the parallel baseline.

The contributions of this thesis are as follows:

• To our knowledge, we are the first to consider NUMA-aware parallel spatio-

textual similarity join (STSJ).

• We propose three novel NUMA-aware parallel STSJ algorithms: NA-STSJ-BP,

4



NA-STSJ-Q and NA-STSJ-WS.

• We conduct extensive evaluations with real-world datasets. To establish base-

lines, we also implement baseline sequential and baseline parallel non-NUMA

STSJ algorithms.

• Our proposed algorithms achieve significantly better performance than the

non-NUMA baseline algorithms.

1.1 Organization of the thesis

The rest of the thesis is organized as follows. We start with the background in

chapter 2 and related work in chapter 3. We then outline the problem in chapter 4

and describe our approaches to a solution in chapter 5. The experimental evaluation

details are in chapter 6. Finally, we draw conclusions in chapter 7.
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Chapter 2

Background

In this chapter, we provide background related to our work. We discuss background

information regarding spatial indexes, space-filling curves, set similarity measures,

set similarity join and spatio-textual similarity join. We also discuss about NUMA

architecture and NUMA awareness.

2.1 Spatial Indexes

Spatial indexes are data structures used to support efficient access to spatial objects.

Such indexes often employ a spatial partitioning technique. R-tree [21], based on

minimum bounding rectangle (MBR), is a common data structure for spatial par-

titioning. Typically, spatial indexes are designed to handle commonly used spatial

queries like range query, topk query or finding nearest neighbour. Grid approach is

also a very common way to statically divide spaces into spatial grids.

2.1.1 R-tree

R-tree is a tree based data structure for indexing and querying spatial data. It is a

variation of B-tree for geometric data. The key idea behind R-tree [21] is the concept

of minimum bounding rectangle (MBR). MBR encapsulates one or more than one

6



Figure 2.1: An R-tree

spatial objects like point, line or polygon by defining the tightest boundary to cover

the object or group of objects. Figure 2.1 shows three MBRs R1, R2 and R3, which

contain multiple objects.

R-tree is a height-balanced tree and the objects are stored at the leaf level. In a

range search query, the search is performed in a recursive manner where the query

object consists of a query bounding box. Starting with the root node, the query box

is checked with the intersecting MBR and only the elements in those intersecting

MBRs are checked and compared with query object.

There are variants of R-tree such as R∗-tree [7] and R+-tree [30], which try to reduce

the overlap overhead of R-tree during its construction. They do so by duplicating

the object ids over multiple MBRs thereby reducing the query overhead. R-tree can

handle multi-dimensional data quite well and are considered the most common data

structure for spatial data.

7



2.1.2 Quadtree

Figure 2.2: A Quadtree representation.

A quadtree [19] is a popular spatial data structure for efficient spatial partitioning

and indexing. A quadtree partitions the spatial domain recursively into four quad-

rants until each partition consists of a certain number of objects, which is termed

as the capacity. Figure 2.2 is an illustration of a point quadtree [3]. Due to the

strict division restriction of quadtree into four quadrants, a quadtree is an efficient

way to partition spatial data, as it can handle skewed data quite well. As Figure 2.2

shows, there are a higher number of partitions in the skewed part of data. Quadtree

partitions can follow ordering, such as NW, NE, SW, SE when the spatial objects,

such as points, are inserted into it. The range query is fairly simple to support with

a quadtree, as the query window can be used to recursively search points from root

node in the quadrants in order until it search criteria is satisfied.
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2.2 Space-filling curve

Space-filling curve (SFC) [13] is a technique to impose a single dimensional order of

traversal for two dimensional objects. Given some two dimensional spatial points,

there are various ways to traverse them, for example with grid based partitions,

points can be traversed from left to right order. Although it defines a particular

order, the traversed points may be away from each other. With SFC, the aim is to

visit every point in a 2-dimensional space in such a way that points remain close

to each other. Two of the most popular SFCs are Morton’s or Z-order curve and

Hilbert curve.

2.2.1 Z-order curve

Figure 2.3: Z-order curve.

Z-order or Morton’s or Lebesgue curve [5] is locality preserving space-filling curve.

Z-order curve is formed by interleaving bits of x and y coordinates for 2-dimensional

points. Figure 2.3 shows an illustration of Z-order curve. Quadtree traversal natu-

rally follows Z-ordering.

9



Figure 2.4: Hilbert Curve.

2.2.2 Hilbert curve

Hilbert curve [1] is another locality preserving space-filling curve, which traverses

every point in a n×n grid where n is a power of 2. It traverses them from top left

corner to top right corner following a ‘U’ type representation. Figure 2.4 represents

a Hilbert curve.

2.3 Set Similarity Measures

There are numerous ways to measure similarity between text documents, one of the

common ways is to represent text as a set of token of words and compare the tokens

based on some set similarity measures. Various set similarity measures exist such as

Jaccard’s similarity [35] and Sørensen–Dice coefficient [4].

Jaccard’s similarity between two sets (of documents) R and S is measured by com-

puting the ratio between the number of common terms and the number of unique

terms. Mathematically:

J(R, S) =
|R ∩ S|
|R ∪ S|

(2.1)

10



Figure 2.5: Spatio-textual objects.

As an example, from Figure 2.5 the Jaccard’s similarity betweenR1 and S2, J(R1, S2)

= 1
8

Similarly, for two sets R and S, Sørensen–Dice coefficient is calculated as:

SD(R, S) =
2|R ∩ S|
|R + S|

(2.2)

There are, however, other similarity measures to compare text documents. Co-

sine similarity is a common way to compare documents in a vector space model.

A document is represented as a term-frequency vector [22], as is done for term fre-

quency–inverse document frequency (tf-idf) text similarity measures. With this form,

the cosine of the angle between two document’s textual parts can be computed to

give a textual similarity measure ∈ [0, 1].

11



2.4 Set Similarity Join

Join in the context of database management system refers to a relational database

table join, such as, inner join, left join or outer join. In the context of set similarity

join, a join operation aims to find all the combination of pairs from the given set of

documents, which satisfy the similarity measure such as Jaccard’s similarity.

From Figure 2.5 consider documents R1, S1. Assume that we are given a similarity

measure of Jaccard’s with a threshold value of 0.5. In order to be considered R1, S1

as join pair, both of them must satisfy the similarity threshold, which is as follows:

J(R1, S1) = 0.5

Hence, R1 and S1 will be considered as a join pair. However, if the similarity measure

is taken to be more than 0.5, R1, S1 will not be considered a join pair.

2.5 Spatio-Textual Similarity Join

Spatio-textual similarity join (STSJ) aims to find pairs of documents that are spa-

tially close and textually relevant. Similar to set similarity join, STSJ also looks for

join pairs that satisfy a textual similarity threshold based on a similarity measure,

such as Jaccard’s. However in STSJ, documents are first pruned spatially and the

spatially pruned documents then can proceed to the set similarity join phase. As

shown in Figure 2.5, document pairs (R1,S1) and (R3,S3) are spatially close to each

other and can be retained. On the other hand, spatially distant pair (R2,S2) is

pruned before being considered for set similarity join phase. In STSJ documents

must satisfy both textual similarity and spatially closeness in order to be counted as

join pair, as with (R1,S1) and (R3,S3). Also, a join pair is considered between the

elements of two datasets R and S. In the case of a self join, documents of a single

dataset is joined with itself. Generally, a spatio-textual similarity join consists of

five phases as shown below, which we discuss in detail in later chapters:

12



• Global Token Ordering In this phase, all the unique tokens in the documents

are listed according to their inverted frequency in a dataset. This gives the less

common tokens higher weight compared to the more common tokens. Tokens

in each document are then sorted according to global ordering.

• Index Construction After computing global token ordering, an inverted in-

dex is constructed on the tokens of the build dataset.

• Spatial Pruning Typically, documents are first spatially pruned based on a

spatial partitioning strategy. This partitioning can be grid based, quadtree

based or k-d tree based.

• Candidate Generation After spatial pruning, multiple filtering techniques

are applied based on set similarity join algorithm, such as, prefix filtering or

suffix filtering, in order to generate candidate pairs.

• Verification Finally, we generate candidate pairs, and relevant pairs are sent

to the verification process where the join is computed.

2.6 NUMA Architecture

With the rising speed of processors in the last few decades, it became imperative for

system designers to make sure that the memory access latency in a processor matches

the performance improvement of the CPU. However, main memory access latency

has not seen such sharp improvement when compared to the speed of processors.

Due to this, multi-level caches were introduced to take advantage of spatial and

temporal localities.

In shared memory systems, also called Uniform Memory Access (UMA) systems,

increasing the number of cores per socket can lead to memory bus congestion and

significant performance degradation. Due to these limitations, the concept of NUMA
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Figure 2.6: UMA vs NUMA Architecture

(Non-Uniform Memory access) was introduced. As shown in Figure 2.6, a NUMA

system tries to scale memory access by partitioning the monolithic memory into

smaller memory fragments that are closer to a subset of the cores. The cores in a

NUMA system are organized into NUMA nodes, where each node consists of multiple

cores connected to a single memory bus, with each core having its own caches. A

core in each node can access the memory of every other node, but with additional

latency to access the memory of remote nodes. Drepper [18] describes the NUMA

factors for NUMA machines, which describes the unit overhead for one CPU to access

another. For example, with AMD Opetron processor, the NUMA factor is 1.4, which

indicates that access to a remote CPU can degrade the performance up to 40%, when

compared to local access. As each NUMA node is an independent processing unit

with its own memory, another important consideration in NUMA systems is the

topology. Topology describes how NUMA nodes are placed with respect to each

other. There are some common topologies like star, ring or bus. Each edge between

nodes is called a “hop”. The number of hops indicates how far the other node is

from the local node.
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2.7 NUMA-Awareness

Due to the difference in hardware organization of NUMA systems over conventional

UMA systems, locality of data plays an important role in determining the perfor-

mance of any program. Most Operating Systems (OSs) are NUMA-aware, which

means, an OS “knows” the NUMA topology of the system and during memory allo-

cation or thread management its decisions are based on topology knowledge. Linux,

for example, may migrate a thread to a remote node if it is requesting for a mem-

ory region that is on a remote node [16]. Similarly, during memory allocation a

Linux kernal uses its built-in APIs, such as kmalloc node, to allocate memory on the

requesting thread’s node.

Linux by default follows a First touch policy for memory allocation, in which it

allocates memory on the same node whose thread first requests it. But there are

other available policies, which Linux can follow, if enabled. These can be:

• Preferred: The OS will prefer the indicated node to allocate memory on

that node. However, if it fails due to any reason, then memory allocation will

happen on the closest node.

• Bind: Bind applies a strict restriction such that, if memory is not available,

its allocation will fail.

• Interleave: With interleave, memory is allocated in a round-robin fashion

among the nodes, which tries to spread the data across nodes so that the

overall effect of NUMA is compensated in the end.

libnuma [2] is a library that provides most of the NUMA related functions a linux

kernal also uses. Programmers can use libnuma to make their applications NUMA-

aware. There is also a command line interface called numactl, which can be used to

run any program with any NUMA policy. Note that numactl defines policies for the
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entire program, while libnuma is a library written in C/C++ and its APIs can be

invoked from the program. Some of the commonly used functions in libnuma are as

follows:

• numa alloc onnode: It allocates memory on a specific node. It takes size in

bytes and node id as parameter to allocate memory. It returns void∗, which

holds the address of the allocated node. If memory is not allocated, null is

returned.

• numa max node: It returns the maximum node id on a particular NUMA

machine.

• numa run on node: It runs the task on the core of the node specified. If

the data is local to the node, local access happens. Otherwise, the node CPU

accesses memory of the remote node.

• numa bind: This function binds the task to a particular NUMA node. After

calling this function, all the subsequent memory allocations and process exe-

cution happens on the specified node. It take nodemask as a parameter, that

corresponds to bit mask of node IDs, containing up to max-node bits.
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Chapter 3

Related Work

Join operation in a conventional database system is said to be the most expensive

operation. To deal with join, special heuristics are needed due to the massive data

computation cost. A spatio-textual similarity join (STSJ) extends the set similarity

join to incorporate spatial and textual data. Spatial joins have been an active area

of research for a long time. Given a point or line or polygon based dataset, R-tree

based techniques have been popular for querying and joining spatial datasets. K-d

tree based techniques usually show better performance for point based data, but it

degrades considerably as the dimensionality of data increases. In this chapter we

look at some of the related works on spatio-textual similarity join and NUMA-aware

load balancing.

3.1 Set Similarity Join

Set similarity join algorithms can be categorized into Exact Similarity Joins and

Approximate Similarity join. Exact Similarity join methods refer to the join results,

which may contain all the possible join pairs that are possible, without containing

any false positive or false negative. Generally it requires the data to be pre-computed,

thus ensuring every possible case is checked. Set similarity join techniques are used
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to compute text based document join. It follows filter and refine steps. One of the

first approaches to be proposed for set similarity join was the ALL-PAIR [11] tech-

nique, which maintains the inverted index of words in each document. Documents

are first sorted according to their inverse frequency in the dataset, positioning the

least frequent words first. Documents are considered candidates if they have at least

one infrequent word in common. ALL-PAIR [11] uses prefix, length filtering tech-

niques to determine the candidacy of similar sets. ALL-PAIR was further improved

by PPJoin [37], which introduced positional filtering to prune candidate sets. Fur-

thermore, PPJoin+ [37] added suffix filtering. Other improvements, such as group

join, adapt [33] join and MP-Join [27] extended the set similarity by refining ways

to filter out candidate pairs. For instance, group join identifies and form groups

based on prefix. Wang et al. [34] improved the existing filter and refine steps of set

similarity join by leveraging relations between sets. It improved the filtering step by

grouping related sets into index blocks, also skipping the similar set during probe

join.

A thorough evaluation by Mann et al. [6] compared seven different set similarity

join algorithms with its variations and concluded that among the prefix filtering

approaches, ALL-PAIR [11] outperformed the others. Also, on average basic join

algorithm PPJ moderately outperformed ALL-PAIR, whereas PPJ+ with suffix filter

lagged behind as compared to others as it resulted in significant overhead in their

filtering steps.

Approximate similarity join approaches incorporate hashing mechanisms, typically

using Locality Sensitive Hashing (LSH) [23] to get all possible nearest neighbors.

LSH based techniques like Bayes LSH [29] and Hybrid LSH [39] get the nearest

documents in constant time, but results generally contain false positives and false

negatives. Approximate join based algorithms are more common in a streaming data

systems [31], whereas an estimate of similar documents is sufficient. In this work we
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consider only the exact similarity join.

3.2 Spatio-Textual Similarity Join (STSJ)

One of the earliest works on STSJ was star join [24], which is based on a filter and

refinement framework and it operates by building spatial and textual signatures.

The signature generation phase uses the R-tree based minimum bounding rectangle

(MBR) to combine the prefix of the text tokens within the MBR. The idea is to filter

out all the documents in a region that does not have any prefix common with the

region of other sets. If Mp ∩Ms 6= φ, where Mp and Ms are the regions in R, such

pairs are discarded in the filter step and the remaining pairs are compared using an

inverted index during final refinement.

Figure 3.1: Grid Partitioning.

Another STSJ approach uses PPJ and a dynamic grid based partitioning approach

[9]. The dynamic grid partitioning method groups the spatial objects based on

grid cells such that each cell-width corresponds to the spatial threshold provided.

This ensures that objects in any given cell are within a given range. Due to this
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partitioning, only the 9 neighbouring cells need to be checked at most to get all

the objects of a given cell that are spatially closer to other objects. Further, since

the approach uses PPJ as its set similarity join technique, the prefixes of each cell

are maintained in an inverted list next to their frequency of uncommon tokens. At

each join operation, the cell is only compared with its neighbouring cells and each

object’s prefix is used to get the object id of similar objects. For example in Figure

3.1, cell 8 is compared with cells 2, 9, 12 as they constitute neighbouring cells,

which contain the objects that need to be explored further. This process generates

candidate pairs, which are further examined in the verification phase. The authors

in [9] improved this baseline by creating per cell inverted index to reduce object join

pairs. An R-tree was also used to spatially partition the space as an improvement

to the baseline. Xiang et al. [36] proposed block based grid partitioning technique

called BIST-JOIN. It uses different heuristics to divide grid space into segments,

such as, equal-width segment, equal quantity segment, user defined segment or hybrid

segments. These are the variations of grid based partitioning, but they utilize variable

grid/segment sizes. Similarly, indexes are also built on the same segments. Some non-

grid, tree based techniques include one from Rao et al. [26], which uses quadtree as a

partitioning method and introduces two variations of STSJ, based on local and global

quadtree partitioning. The local quadtree partitioning approach uses PR-quadtree

[28] to divide points into regions and form groups based on spatial threshold. For

textual filtering, it uses the ALL-PAIR algorithm. This local quadtree version is

also accompanied by a global quadtree version where documents are first partitioned

textually using the ALL-PAIR inverted index and then arranged by Z-order, as Z-

order is said to be the natural order for a quadtree.
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3.3 Scalable Spatio-Textual Similarity Join

Zhang et al. [38] proposed a Map-Reduce based distributed version of STSJ, which

made use of grid based partitioning strategy to form independent groups by following

grid order. As per our understanding, this is the only distributed, parallel version

of STSJ. It usually involved 2 to 3 Map and Reduce phases (depending on the

algorithm) to spatially partition data into multiple groups by following a grid order

in the Map phase and combined groups in the Reduce phase to compute join based

on PPJ+. It also incorporated the cell based index strategy as in [9]. To improve

further, it partitioned spatial data using k-d tree by forming bigger groups for Map

and smaller groups in Reduce phase by determining the groups in a probabilistic

manner.

3.4 NUMA-aware load balancing

Even though OSs, such as Linux, support different NUMA policies, these policies

do not always entail the best performance for an application. Due to non-uniform

latency, locality is an important factor in NUMA machines. The closer the data is to

a processing core, the lower the memory access latency will be. As discussed in [12],

even the basic data locality can be more effective than Linux’s default first touch

policy. Thus, First touch policy of Linux may often adversely affect the performance.

Another important factor is load balancing among the nodes. When a new process

is created in Linux, the scheduler places the process on runqueue. Also, whenever a

child process is created, it is placed in the same runqueue as the parent. In UMA

systems, the impact of operating different threads on different cores is not significant.

In a NUMA machine, however this is an important consideration, as performance

is dependent on the data placement on the NUMA node. This typically becomes

more important in the case of load skewness, i.e. if all the threads are scheduled on
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the same node. The Linux scheduler uses a load balancing algorithm by exploiting

a data structure called shared domain [14], which tries to distribute process load

over multiple NUMA nodes, so that no single node has to process all data. Another

Linux memory placement policy, Interleave, aims to reduce the contention between

the interconnects by interleaving between all the nodes and thus in effect reducing

data locality. Since spreading data across nodes reduces contention, for high load

applications, traffic congestion can impact performance greatly [20]. The authors

in [12] describe a metric based data mapping that tries to take into account both

locality and load balancing .
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Chapter 4

Problem Statement

In this chapter, we define and formulate our spatio-textual similarity join (STSJ)

problem. We outline different parameters and necessary conditions for documents

to be considered as join pairs.

We consider a spatio-textual object in the form o = (id, loc, txt), where id corre-

sponds to document id; txt is the set of keywords in the document, txt = {wi :

i <= n}, n is the number of keywords in text of the document; loc is 2-dimensional

geo-location of the document, loc = (lat, long). Then, for any two document sets

R and S, each containing spatio-textual objects, our goal is to find similar pairs of

documents, which satisfy the following:

For r ∈ R and s ∈ S, the spatial distance, dist(r.loc, s.loc) <= ε and textual sim-

ilarity, sim(r.txt, s.txt) >= θ. Here, ε is the spatial threshold and θ is the textual

similarity threshold. Note that here ε corresponds to the Euclidean distance (L2

norm) and θ is the Jaccard’s similarity for any set of tokens txt in document.
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Chapter 5

Our Approach

In this chapter, we describe our approaches to parallelize spatio-textual similarity

join (STSJ) queries. These approaches are summarized in Table 1.1. First we de-

scribe a parallel baseline algorithm NU-STSJ-B, which is not NUMA-aware. Then

we introduce the NA-STSJ-BP, our first NUMA-aware parallel STSJ approach that

uses grid partitioning. To reduce the effect of skewness, we introduce NA-STSJ-Q

algorithm, which tries to form evenly load-balanced groups across nodes by utiliz-

ing quadtree partitioning. Finally, we describe NA-STSJ-WS, which incorporates

adaptive topology-aware work-stealing and adaptive data placement.

5.1 Preliminaries

Our algorithms utilizes the basic STSJ algorithm discussed in [9]. In this work,

Bouros et al. introduced spatial filters on the PPJ [37] algorithm. Although, this

algorithm was primarily designed for self join, we made modifications to it to incor-

porate the join of two datasets. Algorithm 1 is a modified version of the algorithm

proposed by Boures et al.

Our algorithm takes datasets R and S as input. Where, R is the build dataset

and S is the probe dataset. This algorithm utilizes ALL-PAIR algorithm, which is
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Algorithm 1: PPJ [9]

Input: Given two datasets R,S with spatio-textual documents, spatial
threshold ε, and textual threshold θ

Output: Set P containing qualified join pairs for sim(r, s) ≥ θ and
dist(r, s) ≤ ε

1 Procedure initialize()

2 T ←− computeGlobalTokenOrder(R,S) ;
3 Sort R,S by T ;
4 IR ←− createInvertedIndex(R,θ) ;
5 P ←− ∅ ;

6 Function join(S, IR)
7 foreach s in S do
8 prefix←− getPrefix(s.txt,Θ);
9 foreach token w ∈ prefix do

10 foreach r in IR.search(w) do
11 if dist(r.loc, s.loc) ≤ε & qualifyLengthFilter(r, s)
12 & qualifyPositionalFilter(r, s) then
13 if verify(r.txt, s.txt) then
14 add(r, s) to P

15 return P
16 Function verify(r.txt, s.txt)
17 if JaccardsSimilarity(r.txt, s.txt) ≥ θ then
18 return true

19 return false ;
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a precursor to the PPJ algorithm and it performs a computation of global token

ordering. In procedure initialize, a call to computeGlobalTokenOrder (Line 2) is

used to compute this, which essentially sorts all the tokens from the documents in

the dataset in a decreasing order of their tf-idf score. Then each token in r.txt and

s.txt is canonicalized by sorting according to global token ordering. As a result, all

uncommon words are ordered first, followed by most common word in each r.txt.

Since R is the build dataset, we build our inverted index for each token in r.txt

(Line 4). Note that the inverted index is built for only the prefix tokens of r.

In the function join, we iterate over each document of our probe dataset S. The

getPrefix function (Line 9) returns the prefixes in each text document. Here, a prefix

[37] is given by:

prefix = |s.txt| − dθ · |s.txt|e+ 1

For each of these prefix tokens from s.txt, the inverted index IR is searched (Line

10) for the matching documents in R. Other filtering methods such as length filter

and positional filter as per [37] are then applied to the document pair, followed by

calculating the distance between the documents. Only the qualified candidate pairs

are sent to the verification step where Jaccard’s similarity is computed over the pair

(r.txt, s.txt) (Line 13). If verified, the pair is added to join set P and returned.

5.2 Parallel Spatio-Textual Similarity Join Base-

line

Due to the compute intensive nature of STSJ queries, it is important to consider how

to parallelize it efficiently. As mentioned earlier, in [38] the authors implemented a

Map-Reduce-based distributed STSJ, with PPJ-I [9] as the similarity join algorithm.

Inspired by it we developed a baseline parallel implementation of STSJ that we call

NU-STSJ-B. To parallelize any task, it must be partitioned into sub-tasks such that

26



each sub-task can operate on a subset of the data. In our approach, we utilize a grid

partitioning approach to partition the dataset and traverse them in grid order to

form “data groups” or “groups” for short. The group formation steps are the same

as in NA-STSJ-BP, discussed in the next section. We use a multi-threading library

to parallelize STSJ, such that each thread operates in a different group and let Linux

allocate groups to different nodes according to the First touch policy.

5.3 NUMA-aware Parallel Spatio-Textual Similar-

ity Join with Load-balancing

The baseline parallel STSJ approach, NU-STSJ-B, described in the previous section,

is not NUMA-aware. In this section we describe our first approach to parallelize STSJ

in a NUMA-aware manner. In a NUMA machine each node has its own memory,

which is its local memory. An important consideration is how to allocate memory and

distribute load evenly among the NUMA nodes. We utilize a bin packing approach

to combine the spatial data partitions into groups, so that the workload is roughly

evenly distributed among the groups. In the next section we discuss the key ideas

behind bin packing.

5.3.1 Bin Packing

The bin packing problem a combinatorial NP Hard problem [10], where there are a

finite number of bins and finite items to fit into different bin.

Given a set of bins b1, b2, b3...bn and a finite number of items with weights i1.w1, i2.w2....in.wn;

i represents different items and w are their respective weights, we need to fit the items

of different weights into different buckets of certain capacities. Figure 5.1 shows 4

bins with capacity of 10. There are 8 objects with varied sizes, the objects are packed

by the first fit bin packing algorithm. There are various algorithms to pack items
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Figure 5.1: Bin packing with bins capacity as 10

into bins [10]. Some of them are:

• First Fit: In this approach, the worker puts items in an ordered fashion. It

tries to fit the current item into the first bin; if unsuccessful, it goes to the next

bin until its finds one.

• Next Fit: In this approach, the worker tries to fit the item in the current bin;

if unsuccessful it proceeds to the next bin.

• Best Fit: Best fit tries to find bins where the item just fits in the bin with

minimum difference. Thus, best fit tries to fit items in the least number of bins

possible.

• Worst Fit : In this case, a worker tries to find a bin with the least number of

items and fits the items in that bin.

5.3.2 NUMA-aware Load-balancing

Joins are relatively memory and compute intensive operations, since there are two

sets of documents at a time. It is important to consider spatial locality of the doc-
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uments so that nearby documents are assigned to the same NUMA node. Further,

STSJ query processing involves string comparisons, which are in general quite ex-

pensive. Hence, in STSJ, reducing the number of string comparisons can help to

reduce the join latency significantly. The ALL-PAIR [11] approach uses an inverted

index to ensure that only relevant objects are considered as candidate pairs. In our

approach to perform load balancing in NUMA systems, we use a bin packing based

approach, in which the length of the documents are used to define the item weight.

We first perform a partitioning of the spatial domain using a regular grid. Then we

combine the spatial partitions into groups. Since there are a finite number of NUMA

nodes, we use bin packing to balance the load among the nodes; in particular, we use

a combination of the first fit and next fit algorithms. In our Algorithm (described in

Section 5.3.3), we first try to populate all the nodes with our groups in sequential

order. This ensures that we have about the same number of groups on each NUMA

node.

5.3.3 NA-STSJ-BP Algorithm

The execution flow of our NUMA-aware parallel algorithm NA-STSJ-BP is shown

as a flowchart in Figure 5.2. The steps in this flowchart are as follows:

1. Partition data Partition data using spatial declustering into cells and calcu-

late cell sizes.

2. Form groups Form groups with the spatial partitions created in step 1 based

on a heuristic (for instance, using a load-balancing approach) and impose an

ordering on the groups. Then assign the groups to the NUMA nodes following

that ordering.

3. Create group on NUMA Perform data placement by allocating memory for

each group (formed in step 2) on the assigned NUMA nodes and create index
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Figure 5.2: Execution flow of our NUMA-aware STSJ algorithms

for each group.

4. Execute join algorithm Execute join algorithm on each NUMA node in par-

allel based on the group assignment in step 3. Specifically, we execute the

procedure execute nastsjbp for NA-STSJ-BP.

Note that our two other NUMA-aware parallel algorithms (described later) follow

similar steps as in the flowchart, however, the details of those steps will differ sig-

nificantly based on the specific algorithm. Further, depending on the algorithm, a

different join procedure will be executed (execute nastsjbp, execute nastsjq or exe-

cute nastsjws).

The details of algorithm NA-STSJ-BP is shown in Algorithm 2. We visually illus-

trate some of the key steps of the algorithm in Figure 5.3. As shown in the figure,
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Figure 5.3: Group Formation and allocation on nodes for NUMA-aware Load Bal-
ancing

each point represents a document based on its location. Documents in red indi-

cate documents from the build dataset and documents in black are from the probe

dataset. The spatial domain is partitioned into grid cells using a regular grid parti-

tioning approach, with each cell width being equal to a spatial threshold. Normally,

we choose a spatial threshold that is large enough to cover almost all real-life use

cases. This helps in avoiding a reconstruction of the groups if the spatial threshold

is varied during query time.

Each cell can contain multiple documents. These grid cells are then utilized to form

different groups. In Figure 5.3 four groups are formed: G4, G6, G13, G16. Each

group is created around central a cell (highlighted with a thicker border) that con-

tains documents from the probe dataset, along with neighbouring cells that contain

documents from the build dataset. The numbers in each group indicate the total

number of documents in that group. These groups are then placed on NUMA nodes,

for example, G4 and G6 are assigned to Node 1 and G16 and G13 are assigned to

Node 2 based on bin packing algorithm (discussed in previous section).
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Algorithm 2: NA-STSJ-BP

Input: Given dataset R,S containing spatio-textual documents sorted in
global order T , spatial threshold ε. List of NUMA node workers, W .

Output: Set P containing qualified join pairs for sim(r, s) ≥ θ and
dist(r, s) ≤ ε

1 GridR ←− createGridPartitioning (R, ε) ;
2 GridS ←− createGridPartitioning (S, ε) ;
3 C ←− ∅ //hash map with cell id as key and cell size as value ;
4 nid←− 0 //NUMA nodes id, 0 ≤ nid ≤ max node;
5 N ←− ∅ //hash map with cell id as key and numa id as value ;
6 G ←− ∅ //NUMA groups ;
7 P ←− ∅ ;
8 Procedure partition data(S, ε)
9 foreach s ∈ S do

10 cid ←− GridS .getGridCellId(s.loc, ε) ;
11 tsize ←− getDocumentTextSize(s.txt) ;
12 if C.get(cid) = ∅ then
13 C.put(cid, tsize) ;
14 else
15 C.update(cid, tsize)

16 Procedure form groups(C)
17 sort C by value ;
18 foreach c ∈ C do
19 gid←− getGroupId(c) ;
20 if G[gid] = ∅ then
21 G[gid] ←− initializeNewGroup()

22 if nid 6= end then
23 N .put(gid, nid) ;
24 nid ←− nid + 1 ;

25 else
26 N .put(gid, nid) ;
27 nid ←− 0 ;
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27 Procedure create group on numa(N)

28 foreach cell c ∈ GridS do
29 gid←− getGroupId(c) ;
30 nid←− N .get(gid) ;
31 gcellR ←− GridR.getCell(gid) ;
32 G[gid].build.append(gcellR) ;
33 gcellS ←− GridS .getCell(gid) ;
34 G[gid].probe.append(gcellS) ;
35 ncellsS ←− GridR.getNeighbourCells(gid) ;
36 G[gid].neighbour.append(ncellsS) ;

37 foreach group g ∈ G do
38 nid←− N .get(g.gid) ;
39 Ig.build ←− createInvertedIndex(g.build, θ) ;
40 Ig.neighbour ←− createInvertedIndex(g.neighbour, θ);
41 g.Invidx ←− Ig ;
42 Allocate g on NUMA node nid using libnuma Bind;

43 Procedure execute nastsjbp(G)
44 // In each worker node w ∈ W do in parallel ;
45 foreach group g ∈ G do
46 nid←− N .get(g.id) ;
47 if nid = w.id then
48 P ←− join(g.probe, g.Invidx); //Algorithm 1
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Next we describe the details of Algorithm 2 (NA-STSJ-BP). We first take a pass

at all the documents in procedure partition data to determine the cell size. This is

calculated as the total number of tokens contained in all the documents in a cell.

Each cell in C maintains information regarding cell size. The form groups procedure

incorporates a combination of first-fit and next-fit based bin packing algorithm, by

placing groups in a round robin fashion. We start by sorting our cell map in de-

creasing order of their cell sizes, which ensures that larger cells are placed in NUMA

node first followed by smaller cells. Each group is comprised of a central cell and

its neighboring cells. The goal of the group to node assignment is to generate a

NUMA node mapping, which links each group of spatial partitions (i.e. grid cells)

to a specific NUMA node while following a bin packing algorithm. Line 4 - 5 in

Algorithm 2 initializes NUMA node id nid, and N that maps group id to numa id.

We start by assigning larger groups to each NUMA node until it reaches last node,

nid is reset to start node (Line 27) after it reaches the last node. This combination

of first fit and next fit algorithm of bin packing allows us to pack groups among each

node, with almost equal cell sizes.

After assigning groups to NUMA nodes, we allocate group on specific NUMA node.

To do so, we have create group on numa procedure. It traverses through every cell

in probe grid to create groups and allocates memory for them in the NUMA nodes.

Memory placement of group is done by binding current thread to NUMA node id.

Build and probe cells are fetched from their respective grids and the rest of the

neighbouring cells are appended to create a group. After group creation, we create

inverted index for each group. We create an inverted index (Lines 38 - 43) based on

both build and its neighbouring cells’ documents and the combined inverted index is

stored for each group. Data placement is done on particular NUMA nodes for each

group. In, execute nastsjbp procedure, we perform the join based on the NUMA

groups. We use a threadpool to execute the joins in parallel on different NUMA
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nodes. Since each worker thread runs on a specific NUMA node and each group

is allocated on a particular node, we execute the join corresponding a particular

group on its allocated node w.id (Lines 46 to 49). We utilize the join function

from Algorithm 1 and since each group contains its probe documents and inverted

index over build dataset, we process join for each group. For a particular group,

g.probe represents the probe documents and g.Invidx is the inverted index for that

group. Since, data placement for each group is done on a particular node, while

traversing groups, we run join for each group by binding them to particular node.

We use libnuma Bind function, so that only the threads specific to a NUMA node

are allowed to run and allocate memory while running on a particular NUMA node.

This avoids the usage of the Linux default policy and increases data locality.

5.4 NUMA-aware Parallel Spatio-Textual Similar-

ity Join with Skew-resilience

NUMA-aware load balancing and maintaining locality in NUMA systems are essen-

tial, but often depending upon the dataset, skewness also plays an important role

in determining overall performance of an application. A real-world dataset can be

highly skewed, resulting in some areas to be very dense and other areas sparse. This

is especially true with geo-spatial data where large cities can be highly populated,

with many geo-spatial features. Due to this skewness, it is important that paral-

lel STSJ approach handle skewness well. Our NA-STSJ-BP algorithm attempts to

balance the workload among NUMA nodes to some extent by assigning groups of

spatial partitions to NUMA nodes. During actual STSJ execution, depending upon

the composition of spatial partitions in each group, significant skewness may be en-

countered. For example, in dense city areas, it is possible that more similar data

is encountered than less populated areas, which will entail significantly more work
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Figure 5.4: Groups assignment to NUMA in NA-STSJ-Q

to the core processing of those dense regions. To address this issue, a spatial data

partitioning technique that handles skewness will need to be used. Quadtree based

partitioning may be able to handle skewed data better than regular grid partitioning.

Whereas grid partitioning defines static grids on the basis of the unit dimension of

grid cells, quadtree partitioning recursively subdivides a region into four smaller and

equal size regions until the number of objects (i.e. point, line or polygons) in each

partition is below than a threshold. Hence, using quadtree partitioning enables us

to reduce skewness better.

We utilize quadtree based spatial partitioning to create tiles (spatial partitions).

Then we form data groups by imposing Z-order among the tiles and traversing them

monotonically according to the Z-order.

We use Z-order traversal in order to preserve locality so that documents which are

close to each other spatially, end up in the same node. Furthermore, the data groups

are assigned among the NUMA nodes (Figure 5.4) such that they are distributed

evenly. These steps minimize the need for duplication of tiles among the node, as

documents that are nearby and part of the same data groups are likely to be assigned

to the same NUMA node. Note that the groups are formed on the basis of probe

dataset (the outer table participating in the join). We select one of the datasets as
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probe and one as build.

5.4.1 NA-STSJ-Q Algorithm

Figure 5.5: Range search in quadtree for group formation

Algorithm 3 describes the steps in NA-STSJ-Q algorithm. We classify our two

datasets, R and S, as build and probe respectively. In this case, the probe dataset

is used as the basis of spatial partitioning. Similar to NA-STSJ-BP, NA-STSJ-Q

algorithm is comprised of four procedures:

• partition data: this procedure performs the quadtree partition of the docu-

ments into cells.

• form groups: this procedure form groups and assigns different groups to

different NUMA nodes.

• create group on numa: this procedure creates groups and performs data

placement on NUMA nodes.
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• execute nastsjq: it defines the join procedure of NA-STSJ-Q.

Algorithm 3: NA-STSJ-Q

Input: Given two datasets R & S with spatio-textual documents sorted in
global order T , List of NUMA node workers, W

Output: Set P containing qualified join pairs for sim(r, s) ≥ θ and
dist(r, s) ≤ ε

1 QR ←− ∅ //quadtree index for R;
2 ZQS ←− ∅ ;
3 InvertedIndex←− ∅ // per node inverted index ;
4 nid←− 0 // NUMA nodes id, 0 ≤ nid ≤ max node ;
5 N ←− ∅ //hash map with cell id as key and numa id as value ;
6 G ←− ∅ //NUMA groups ;
7 P ←− ∅ ;
8 Procedure partition data (R, S)
9 foreach r ∈ R do

10 QR.insert(r);

11 foreach s ∈ S do
12 env = QR.searchAndGetEnvelope(s) ;
13 idx←− getZOrder(env, s) ;
14 ZQs.insert(idx, s) ;

15 sort ZQs by key ;

16 Procedure form groups()

17 partition←− ZQs.size()/total node //total node is the number of
NUMA nodes ;

18 lineCount←− 0 ;
19 foreach idx ∈ ZQS do
20 if lineCount % partition == 0 then
21 nid = nid + 1 ;

22 gid←− getGroupId(idx) ;
23 if G[gid] = ∅ then
24 G[gid] ←− initializeNewGroup()

25 N .put(gid, nid) ;
26 lineCount = lineCount+ 1

We start by getting both build and probe documents. We first insert documents from

R into a quadtree index (Line 10). Then we iterate over the documents in S and for

each document we obtain the bounding envelope, which refers to the bounding box

of the leaf level quadtree node that covers the point corresponding to a document
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27 Procedure create group on numa(N)

28 foreach idx, {s} ∈ZQs do
29 {r} ←− QR.query(idx, ε) ;
30 if {r} 6= ∅ then
31 gid←− getGroupId(idx) ;
32 nid←− N .get(gid) ;
33 //Create Group, bind node to numa node nid ;
34 G[gid].build.append({r}) ;
35 G[gid].probe.append({s}) ;

36 // create per node inverted index ;
37 foreach worker node w ∈ W do
38 InvertedIndex[w.id]←− initialize inverted index ;

39 foreach group g ∈ G do
40 nid←− N .get(g.id) ;
41 InvertedIndex[nid].update(g) ;
42 Enqueue(g) in Join queue Jnid for node nid ;
43 Allocate g on node nid using libnuma Bind ;

44 Procedure execute nastsjq()

45 // In each worker node w ∈ W do in parallel ;
46 // Run each worker node on numa node nid ;
47 foreach group g ∈ Jw.id do
48 //Pull groups from Join Queue ;
49 P ←− join(g.probe, InvertedIndex[w.id]) ; //Algorithm 1
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being searched in the index. We then compute a Z-order code, idx, for each bound-

ing envelope and store them in ZQs (Lines 12 to 14). Here, ZQs is a map used to

store the Z-order code (in this case, for the documents in S ) as key and a list of

references to the documents as value. In the final step of partition data, we sort the

ZQs (Line 15) by key.

In procedure form groups, while traversing Z-order mapping, we partition the en-

tries of index S equally among NUMA nodes. Also, we get group id and initialize

groups, while placing each group in N . N is a mapping of group id and NUMA

node id to which the group is assigned to.

In procedure create group on numa, we perform data placement for each group. We

start by getting all nearby build documents from QR by doing a range query. Figure

5.5 depicts the group formation process. As shown in the figure, groups G1 and G2

are formed by range query over the quadtree; in reality there will be many more

such groups for a STSJ query. The range in range search corresponds to spatial

threshold ε. We allocate groups on NUMA nodes by getting NUMA node id from

N . To allocate groups on NUMA nodes, we use the libnuma bind function so that a

group is strictly allocated to a particular node.

We create one inverted index per node as part of create group on numa function.

Then, we initialize inverted index for each node first (Line 38) and while going

through each group, we update the index for each node. On each node, groups

are maintained in a join queue, which is used during join process. Hence, after

creating an inverted index, we insert groups into a Join queue. In the procedure

execute nastsjq, we perform our parallel join. Each worker node is launched in

parallel with each other. Jw.id represents each node’s Join Queue. w.id in this case

is equivalent to nid, which represents NUMA node id. During the join process, we

pull groups from the join queue (allocated previously) and use node’s inverted index

(index is defined on per node basis in NA-STSJ-Q) to perform PPJ join.
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Figure 5.6: Topology of our NUMA Machine.

5.5 NUMA-aware Parallel Spatio-Textual Similar-

ity Join with Topology-aware Work-stealing

and Adaptive Data Placement

The main focus of NA-STSJ-Q algorithm is to address data skew and load balancing.

Furthermore, with both NU-STSJ-B and NA-STSJ-Q, the assignment of data groups

to NUMA nodes happens a priori. Therefore, these two approaches do not take

dynamic load conditions into account. Consequently, they do not guarantee that all

the NUMA nodes will perform the same amount of work and all nodes will complete

processing in the same time. In a real-time situation, some node will finish faster than

others, which may depend upon several factors such as, how many string comparisons

happen for each node (from the documents), if there are any other OS services or

processes running on the node, or how many overall objects comparisons happen.

Due to this non-deterministic nature of task execution and completion, it is likely

that some node may become idle, while others continue to execute their assigned

tasks.

Since a prior assignment of data groups to NUMA nodes do not take into account the

dynamic load conditions, the task assignment must be adjustable at runtime. Work

stealing is an approach that is known to work well under such circumstances. In the
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Figure 5.7: Hop diagram with local node as 0.

context of STSJ, work stealing implies that some nodes will be able to steal work

from other nodes, while they are working on their join task. However, traditional

work stealing is agnostic of the topology of the machine. Hence, due to non-uniform

access latencies, the performance of a traditional work stealing based application

can deteriorate quickly. If a NUMA node tries to steal work from another node, it

depends upon the distance from the local node to the remote node in determining

how efficient the work stealing will be. For example, if the remote node is 1 hop

away from local node, versus if the local node is 2 hops away from the remote node,

it may make significant difference.

For any local node that finishes its own tasks and which tries to steal work from a

remote node, it is important that remote access time be minimized. Figure 5.6 shows

the topology of our NUMA machine, which we used to conduct our experiments.

From Figures 5.7 and 5.8, it can be observed that the hop distance depends on the

position of the node. For node 3, most nodes are at most 2 hops away. For node
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Figure 5.8: Hop diagram with local node as 3.

0 and 7, hop distance can be up to 3 hops for each other. Hence, the distribution

of data groups, especially with skewed data, should carefully take into account the

‘home’ node. In our approach we take into account the topology of the machine

while performing work stealing. If a node needs to steal work from a remote node, it

first checks its immediate neighbouring node to find if it has any work left to finish

and if so, work can be stolen from that node. If not, it jumps to the next nearby

node. To support this, we introduce the concept of local and remote queues, which

is described in the next section. After completing local tasks, a node moves on to the

next closest node that has any work left in its remote queue. This search continues

until it finds the node, which is still working.

5.5.1 Topology-aware Work Stealing

Topology-aware work stealing becomes necessary for any application if it is running

on a NUMA machine. Therefore, we need some mechanisms to support such work
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stealing. We define two queues per node. One is a local queue and the other is a re-

mote queue. After we segregate documents into data groups based on their locations

and assign the data groups to different nodes, we need to process each group to run

join for their similar documents in both the build and probe datasets. Hence, the

formed groups are either put in the local queue or the remote queue. Tasks from the

local queue are solely processed by the local node and any task in the remote queue

can be processed by remote nodes. Each node has to process tasks in its own local

and remote queue first before it can steal from other nodes’ remote queues. The

ratio of the number of task elements (i.e. data groups) that are on the local queue

to that of remote queue is called the dynamic ratio and is defined as follows:

Dr =
R
R+ L

(5.1)

where L is the number of data groups in the local queue and R is the number of

data groups in the remote queue. Also, total number of data groups (T ) in a node

is as follows:

T = R+ L (5.2)

Dynamic ratio enables us to adjust the access to remote nodes’ tasks (data groups)

based on the skewness of the data. It should be noted that remote access will increase

the memory access time to remote queue based on NUMA factor (discussed in Section

2.6). The dynamic ratio can vary between 0 to 1, where 0 indicates that all the data

groups are placed in the local queue, whereas 1 means that all the groups are in the

remote queue. We found that for our dataset 0.5 was the optimal dynamic ratio. It

can vary depending upon the number of nodes in a particular NUMA machine and

also the properties of dataset.
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5.5.2 NA-STSJ-WS Algorithm

NA-STSJ-WS utilizes a topology-aware work stealing to perform parallel NUMA-

aware STSJ. NA-STSJ-WS modifies the existing NA-STSJ-Q and introduces work

stealing during the join process. We use the partition data and form group from

Algorithm 3. In the create group on numa procedure, after creating groups and

allocating them on respective nodes, we create local and remote queue as discussed

in 5.5.1. We replace the join queue from NA-STSJ-Q Algorithm 3 (Line 42) with

local and remote queues. Then groups are assigned to local and remote queues based

on the dynamic ratio Algorithm 4 (Lines 10 - 16).

The execute nastsj procedure in Algorithm 4 describes join process during runtime.

We take NUMA workers as input, where each NUMA worker is associated with

groups and inverted index of build documents with its remote and local queue (in

create group on numa). NUMA node map Nmap enlists each node with its neigh-

bouring node in order of hops (see Figure 5.7). execute nastsjws launches the join

process on each node in parallel. As discussed in section 5.5.1, each node tries to

process its local queue first and then moves on to its own remote queue. Lines 19

-26 corresponds to the local join process. In this, first current node gets groups from

its local queue and proceeds to call PPJ join algorithm. After processing all groups

from the local queue, a node’s remote queue is peeked to see if any group is present

in the queue. Note, since it is remote queue, other nodes can steal groups from it.

Once, a node is finished with its local and remote queue (Line 26), its proceeds on to

work-stealing from the remote queues of its nearest neighbors and performing join

(Lines 27 - 36). Current node first gets the nearest neighbor node from the topology

map Nmap. It peeks at the remote queue of the nearest neighbor node (Line 32),

and if any unprocessed group is present, its starts by removing the group from the

back of the queue (instead of from the front of the queue) and runs the PPJ join

algorithm on the removed (i.e. stolen) group.
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Algorithm 4: NA-STSJ-WS

Input: Given two datasets R & S with spatio-textual documents sorted in
global order T . List of NUMA node workers, W , node map for node
topology detail, Nmap, running list is list of workers processing their
respective nodes, Jnid is the node level join queue

Output: Set P containing qualified join pairs for sim(r, s) ≥ θ and
dist(r, s) ≤ ε

1 // Global variable initialization steps are same as in Algorithms 3
2 Procedure partition data (R, S)
3 //All steps are same as in Algorithm 3

4 Procedure form groups()

5 //All steps are same as in Algorithm 3

6 Procedure create group on numa(N)

7 //Same steps as lines 29 to 43 in Algorithm 3
8 foreach w in W do
9 running list.add(w) ;

10 LQw.id ←− ∅ //Local Queue ;
11 RQw.id ←− ∅ //Remote Queue ;
12 foreach group g ∈Jw.id do
13 if LQw.id.size ≥ (Dr ∗ Jw.id.size) then
14 LQw.id.insert(g)
15 else
16 RQw.id.insert(g)

17 Procedure execute nastsjws(W)

18 // In each worker node w ∈ W do in parallel ;
19 // First look at own Local queue ;
20 while LQw.id.peek() 6= ∅ do
21 g ←− LQw.id.remove() ;
22 Call Algorithm 1 with join(g.probe, InvertedIndex[w.id]) ;

23 // Then look at own Remote queue ;
24 while RQw.id.peek() 6= ∅ do
25 g ←− RQw.id.remove() ;
26 Call Algorithm 1 with join(g.probe, InvertedIndex[w.id]) ;

27 // Work-stealing: then look at nearest node’s Remote queue ;
28 while true do
29 nearest←− Nmap.next nearest(w, nearest) ;
30 if nearest 6= ∅ then
31 nrid←− nearest.id ;
32 if RQnrid.peek() 6= ∅ then
33 g ←− RQnrid.remove from back() ;
34 P ←− join(g.probe, InvertedIndex[nrid]); //Algorithm 1

35 else
36 break ;
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To join groups from local and remote queues of a local node, we use the libnuma

bind function. Whereas, for remote join on remote node, we use libnuma run on node

function.

47



Chapter 6

Experimental Evaluation

In this chapter, we describe our experimental evaluation that we conducted with

real-world datasets. We present performance evaluation of our NUMA-aware algo-

rithms by comparing them with non-NUMA baseline STSJ algorithms that we also

implemented.

6.1 Experimental Setup

Experiments were conducted on a machine with dual-core AMD Opteron processors

having a total of 16 cores. These cores were equally divided among 8 NUMA nodes.

Each node contains 16 GB of memory, with an aggregate memory of 128 GB. The

architecture of our NUMA machine is shown in Figure 5.6.

6.2 Datasets

Four datasets are used in our experiments. Three of them are Twitter [32] datasets

with different sizes of 200k, 2 million, 20 million. Twitter datasets contain tweets

with their geo-graphical locations. Each Twitter dataset contains on an average 5

keywords per tweet. Another dataset, Spaten [17] has about 1.5 million restaurant

reviews across the US. The Spaten dataset also contains geo-location with each
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Table 6.1: Datasets Details

Dataset Num. of Average Max Average
name documents keywords keywords doc. length

Spaten 1,523,849 21.75 62 23.26

Tweets200k 200,000 5.08 30 25.58

Tweets2mi 2,000,000 5.06 70 25.55

Tweets20mi 20,000,000 5.48 38 5.70

Table 6.2: Experiment settings

Parameter Settings

Datasets Tweets200k, Tweets2mi, Spaten, Tweets20mi

Spatial Threshold 0.5, 1

Textual Threshold 0.8, 1

Dynamic Ratio 0.2, 0.5, 0.7, 0.9

Number of threads 1, 2, 4, 8, 16

review. It contains an average of 21 keyword tokens. Stop-words from their text

keywords were removed from each of the datasets. Table 6.1 shows more detail

about the datasets.

6.3 Evaluation

We conduct our experiments based on various parameters. We vary algorithms,

number of threads, dynamic ratio, and also build time. Table 6.2 lists the important

parameters for our experiments. We use our NU-STSJ-B, NA-STSJ-BP, NA-STSJ-

WS algorithms for evaluation. Since NA-STSJ-WS utilizes NA-STSJ-Q and the

initial phases for both algorithms are the same, we only report NA-STSJ-WS for

performance evaluation. We chose Tweets2mi and Spaten as our default datasets.

Tweets2mi is the default build dataset and Spaten is the default probe dataset.

Default values are shown in bold font in Table 6.2. In the following sections, we

discuss the evaluation results in detail.
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Figure 6.1: Vary Algorithms

6.3.1 Vary Algorithms

We vary our different algorithms and we report the STSJ query execution time. In

all of these algorithms PPJ is used as the basic set-similarity join algorithm. Our

sequential baseline algorithm is SEQ-STSJ-B, which is a single threaded baseline

version, whereas NU-STSJ-B is a parallel baseline algorithm. None of these two

algorithms are NUMA-aware. Against them we compare our NUMA-aware parallel

algorithms NA-STSJ-BP and NA-STSJ-WS. In Figure 6.1 we report the speedup

achieved by the parallel algorithms over the sequential baseline version. As shown,

all algorithms achieved considerable speedup over the sequential baseline algorithm.

Our NA-STSJ-WS shows about about 83× speedup, when compared to the sequen-

tial baseline version of STSJ. Whereas, NU-STSJ-B and NA-STSJ-BP show 24× and

53× speedup, respectively. When we compare our three parallel NUMA-aware algo-

rithms against the non-NUMA parallel baseline NU-STSJ-B, they generally perform

better than the baseline and NA-STSJ-WS achieves the best speedup. For instance,
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NA-STSJ-WS and NA-STSJ-BP achieved speedups of 3.6× and 2.25× respectively.

6.3.2 Vary Datasets

Figure 6.2: Vary Datasets.

Figure 6.2 depicts the runtimes of different algorithms by varying different datasets.

We vary Tweets200k, Spaten, Tweets20mi datasets as probe datsets and keep the

Tweets2mi fixed as the build dataset. As figure 6.2 shows, NA-STSJ-WS outperforms

others for all the datasets. Even for the biggest dataset Tweets20mi, NA-STSJ-WS

was more than twice as fast as the other two algorithms. This shows the effectiveness

of topology-aware work stealing, particularly, in terms of handling skewed data.

The other NUMA-aware approach, NA-STSJ-BP statically distribute the work-load

among the NUMA nodes to support load balancing, whereas NA-STSJ-WS can

take into account dynamic load conditions. Since the longest distance between two

NUMA nodes is 3 hops in the NUMA system we used, stealing work from remote

nodes can be expensive, particularly for large dataset. Hence, there is a trade-off
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between static vs dynamic workload assignment. Our topology-aware work-stealing

does a reasonably good job in this regard. Understandably, the effectiveness of NA-

STSJ-WS is somewhat reduced as dataset size increases.

6.3.3 Vary Threads

Figure 6.3: Vary number of threads

We vary number the number of threads as we execute each algorithm. As shown in

figure 6.3, NA-STSJ-WS performance improves as we increase number of threads.

Noticeably, the single-threaded performance of NU-STSJ-B is better than the others;

this was expected as a relatively larger number of groups are formed in NA-STSJ-

WS as compared to other two algorithms. However, as the number of threads are

increased, the performance of NU-STSJ-B does not improve much, in contrast to that

of NA-STSJ-BP and NA-STSJ-WS. The performance of NA-STSJ-WS drastically

improves with an increase in the number of threads. This is mainly due to more

efficient locality of groups and work stealing. Also, NA-STSJ-BP shows considerable

improvement due to load-balancing (with our bin packing based approach), as the
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groups get evenly distributed among the NUMA nodes. During execution, improved

locality helps NA-STSJ-BP to gain significant speedup even when NA-STSJ-BP and

have same number of groups. Figure 6.4 depicts the effects of number of threads

on NA-STSJ-WS, as our NUMA system have 16 hardware threads (2 per NUMA

node), the runtime of NA-STSJ-WS is minimum for 16 threads.

Figure 6.4: NA-STSJ-WS: vary number of threads

6.3.4 Vary Dynamic Ratio

We vary dynamic ratio for our NA-STSJ-WS algorithm. As mentioned in Sec-

tion 5.5.1, the dynamic ratio is defined as the ratio of the number of data groups

in the remote queue over that in the local queue. It can vary from 0 to 1, where 1

means that all the groups in the queue belong to remote queue, enabling every other

node to access groups of every other node in the order of their topology, whereas 0

means all the groups belong in the local queue. In Figure 6.5, we observe that as the

dynamic ratio is increased, the runtime decreases first and then increases slightly.
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Figure 6.5: Vary Dynamic Ratio.

At around 0.5, the latency is minimum, which indicates that the optimum value of

dynamic ratio. This is due to the fact that some nodes are able to finish tasks on

their local queue first and when a significant number of threads become free, they

can steal work from the still busy threads on other nodes.

6.3.5 Vary Thresholds

Next, we vary the spatial and textual thresholds for each of our algorithms. Figure

6.6 depicts the runtimes of NU-STSJ-B, NA-STSJ-BP and NA-STSJ-WS, as we vary

spatial/textual thresholds. We use 0.5/0.8 as our default threshold values, which

indicates that the should be within 0.5 km distance and must have a Jaccard’s

similarity of 0.8 or lower. The values are rough estimates for document closeness in

a real world scenario, however, data can be highly skewed for dense regions, such as

major cities. We observe that NA-STSJ-WS performs better in all cases but overall

latency increases for all algorithms. This is due to the increase in the number of
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Figure 6.6: Vary spatial/textual thresholds.

Figure 6.7: Vary spatial thresholds.

documents in each group. In the case of NU-STSJ-B, there is a sharp rise in runtime

at 0.5/0.8 from that at 0.5/1. This is due to the lower textual threshold, during
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runtime, a documents take more time in the PPJ join process, as prefix generation

in case of lower textual threshold can be higher. Also, the poorer locality of groups

in NU-STSJ-B results in some groups taking more time. In case of NA-STSJ-BP,

the groups are distributed evenly, especially larger groups, which may result in less

processing time overall and a more balanced performance. We also vary spatial

threshold for large values. Figure 6.7 Shows the performance of algorithms by keep

textual threshold as fixed to 0.8 and varying spatial threshold.

6.3.6 Self Join

Figure 6.8: Self Join - vary algorithms.

In the case of self join, we join our default build dataset Tweets2mi with itself. The

self join case is important, since all the documents in such a case have at least a

corresponding document for any given spatial and textual threshold. In Figure 6.8

it can be seen that NA-STSJ-WS performs the best in the case of self join as well.

Although, in this case, larger groups are formed, but still our algorithms performed
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well. This is mainly due to the better locality of documents. In this case, the skewed

documents are distributed evenly among all NUMA nodes, thus reducing load on

any one particular node. The speedup is relatively low compared to join between the

Spaten and Tweets2mi datasets, since the number of groups increases significantly

for self join. NA-STSJ-WS performed about 1.1× better than NU-STSJ-B and about

1.05× times better than NA-STSJ-BP.

6.3.7 Build Time

Figure 6.9: Build times with the algorithms.

Figure 6.9 represents the build times for different algorithms. By build time, we mean

the total time taken by the algorithm from partitioning data to forming groups, and

then allocating group data to a node. In the case of NA-STSJ-Q Algorithm 3 used

in NA-STSJ-WS, procedures partition data, form groups, create group on numa are

part of the build process. Indexing time and join time are excluded from the build

time. The baseline version of the algorithm builds up quickly as compared to the
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others. This is expected, as the sequential version does not partition the spatial

domain to categorize the documents into groups, but only creates inverted index

once for whole dataset and follows the PPJ join as in Algorithm 1. NU-STSJ-B and

NA-STSJ-BP first create groups based on cell and neighbouring cell based on spatial

partitioning. While, NA-STSJ-WS takes the maximum time, which is due to the

quadtree spatial partitioning and forming groups by range query.

6.3.8 Index Time

Figure 6.10: Algorithm index construction times.

Figure 6.10 shows the index times of various algorithms. Index time includes the time

it takes for the algorithms to build the inverted index. SEQ-STSJ-B builds a single

index, whereas for NA-STSJ-BP, it is built on a per group basis. In the case of NA-

STSJ-WS the index is built on a per node basis. Figure 6.10 depicts that the index

times slightly increase in the case of NU-STSJ-B as compared to SEQ-STSJ-B. This

is due to the fact that each data group in the parallel baseline (non-NUMA) version

is formed by combining their neighbouring cells, and the index is constructed for

58



each group. Thus, the index construction cost depends upon the number of groups

formed. In the case of NA-STSJ-WS, a more global and NUMA localized index is

created, thus saving largely on index construction. Also, it is interesting to note the

runtime difference between NU-STSJ-B and NA-STSJ-BP, since the composition of

the groups remains the same in both cases. The faster index time of NA-STSJ-BP

indicates the NUMA locality of groups, while NU-STSJ-B have threads assigned

based on Linux First touch policy. NA-STSJ-BP binds each thread to particular

groups in the NUMA nodes they are located. Thus, NUMA locality greatly benefits

the index construction cost in NA-STSJ-BP and NA-STSJ-WS.

6.3.9 Vary NUMA Policy

Figure 6.11: Vary NUMA Policies

We vary NUMA policies for NU-STSJ-B in the case of self join with the Tweets2mi

dataset. Besides the Linux default First touch policy, we ran our programs with other

policies like numactl Interleave policy, which spreads data of a program across all
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possible NUMA nodes. Also, we bind our application to a single node in Bind policy,

by binding CPU and memory to a single node and preferred policy as discussed in

2.7. As Figure 6.11 shows, the Interleave policy is the best case for this particular

scenario. As data is spread across nodes evenly, Interleave performs better than

others. In the Node Bind case, however, since data is placed on one node, every

thread accesses data from the same node’s memory, resulting in congestion during

runtime. Therefore, Node Bind does not perform better than First touch. Preferred

policy performs better than Node Bind but is slower than default first touch and

interleave.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

With the rising volume of data that contain both spatial and textual components,

novel approaches to spatio-textual query processing is becoming ever more impor-

tant. Spatio-textual similarity join (STSJ) has been gaining in prominence in recent

years. Due to its compute and data intensive nature, efficient parallelization of STSJ

is necessary for its wide adoption. Modern machines adopt a NUMA architecture

that entail varying memory access latencies depending on the distance between any

two NUMA nodes. However, researchers have not yet considered how to parallelize

STSJ while taking NUMA effects into account.

In this work, we have proposed three NUMA-aware parallel approaches to spatio-

textual similarity join problem. Our first algorithm, NA-STSJ-BP considers NUMA-

aware load-balancing by utilizing a bin packing of the spatial partitions. Our second

algorithm, NA-STSJ-Q additionally considers skew-resilience. These two algorithms

performs static assignment of tasks to the NUMA nodes. Our third algorithm, NA-

STSJ-WS performs an adaptive placement of data and tasks using a topology-aware

work stealing. This algorithm is able to account for the dynamic load conditions
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in a system at runtime while executing STSJ. We have built a complete system in

which we implemented our NUMA-aware algorithms. Furthermore, we implemented

a sequential and a parallel baseline algorithm that are not NUMA-aware.

We evaluated our approaches with real-world datasets. Our evaluation suggests that

our proposed NUMA-aware algorithm perform significantly better than both the

sequential and parallel baseline approaches. In the best case, our third NUMA-aware

algorithm, NA-STSJ-WS performs about 83× better than the sequential baseline

STSJ algorithm.

7.2 Future Work

Our current implementation uses Jaccard’s similarity for text similarity. As a future

work, it can be extended to support other similarity measures. We would also like to

develop a more robust NUMA-aware version of STSJ. Since, existing STSJ techniques

do not handle updates of spatio-textual objects, they require building all phases of

the join algorithms to incorporate updated data. In future work, we would like to

improve our system so that it can deal with updates efficiently.
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