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ABSTRACT OF THE DISSERTATION
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Professor Carlo Zaniolo, Chair

Advanced analytics and other Big Data applications call for query languages that can ex-
press the complex logic of advanced analytics, and are also amenable to efficient implemen-
tations providing high throughput and low latency. Existing systems such as Hadoop or
Spark can now handle large amounts of data via MapReduce enabled parallelism, but they
lack simple query languages that can express declaratively applications such as common
graph and data mining algorithms, and the search for complex patterns in massive data
sets. Fortunately, recent advances in recursive query languages and automata theory have
paved way for extending widely used declarative query languages, such as SQL, to address
these problems. Thus, in this dissertation, we propose two significant new extensions to the
current SQL standards and demonstrate their efficient implementations. We first propose
the Recursive-aggregate-SQL language, RaSQL. RaSQL queries assure a declarative formal
fixpoint semantics that is guaranteed by the PreM property, while amenable to efficient re-
cursive query evaluation techniques based on the Semi-Naive optimization for the fixpoint
computation. The RaSQL is implemented on top of Apache Spark, achieving superior scala-
bility and performance compared to the state-of-art systems such as Apache Giraph, GraphX
and Myria. Then, we propose a new Weighted Search Pattern language, WSP, which extends
the SQL-TS language. WSP is able to provide semantic rankings of the query results, and

its implementation and optimization are guided by the theory of weighted automata.
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CHAPTER 1

Introduction

With the rise of Big Data and Al, there is growing interest in applications of large-scale
data analytics. The sheer volume, variety and velocity of Big Data bring major challenges to
current data analytics architectures. In fact modern data analytics systems must be able to
process huge amounts of data in a very limited time period, i.e. achieving high throughput
with a relative low latency, while still capable for handling diverse workloads. Moreover, the
recent advances in Al call for languages and systems that can express complex application
logics in machine learning and data mining, with a moderate learning curve that can be

widely accepted by users.

As these different applications demand efficient support for complex analytics on Big Data,
researchers in both academia and industry have proposed and built a number of large-scale
distributed data processing systems and languages, such as Google MapReduce [ABC11], Mi-
crosoft DryadLing [YIF08], Apache Spark [ZCF10], SAP HANA [FML12] and so on. These
systems have been deployed on thousands of machines to extract the valuable information
hidden in the Big Data, in application domains such as search engines, user behavior analy-
sis, ads analytics, network analysis, fraud detection, etc., bringing millions of dollars’ profits

to the companies.

These systems support general data-parallel computations via Map-Reduce and similar tech-
niques, which greatly facilitate users conducting certain kinds of tasks. However, complex
data analytics call for expressive languages that can support complex business logics. Re-

cently, more attention was paid to the classical declarative RDBMS query language — SQL,



given its ability to express common data analytics logics in concise declarative syntax. In-
deed in recent years, we have seen a growth of popularity for SQL, which was adopted in
various systems, including Apache Hive [T'SJ10], Facebook Presto [pre| and Microsoft Scope
[ZBW12]. Even systems, such as Apache Spark [AXL15], Apache Kafka [KNR11] and Google
Spanner [BBB17], which were not initially targeted for relational processing are now actively
building their SQL interfaces. The continuing popularity of SQL is hardly surprising given
the huge benefits it offers over other languages for many Big Data applications. The main
benefits include portability, performance and scalability via data parallelism that have been

achieved through decades of research and industrial developments.

However, the expressive power of SQL limits its further adoption in specific data analytics do-
mains, such as graph analytics and data mining. To overcome this limitation, ad-hoc systems
and languages aimed to address these issues thrived in recent years. For example, more than
twelve graph languages are designed and developed on various platforms, such as Cypher for
Neodj [FGG18], TitanDB][tit] and PowerGraph [GLG12], to support common graph analyti-
cal tasks such as shortest paths and connected components on large-scale distributed graphs.
However, these approaches are hardly successful because (1) these domain-specific languages
are not designed to solve general problems, thus become hard to inter-operate with other
existing data analytical languages such as SQL, not to mention their inability to generate a
widely accepted language standard; (2) their system implementations are highly influenced
by the language design, whereby most of these systems are not as mature or efficient as the
widely used data-parallel platforms such as Hive [TSJ10], MapReduce [DGO8] or Apache
Spark [ZCF10], not to mention the traditional RDBMS such as MySQL, Oracle and SQL

Server with sophisticated optimization techniques built in.

A consensus is gradually emerging that it is urgent to devise more powerful query lan-
guages that can express complex analytical logics and are also conducive to very efficient
distributed implementations. For example, to support expressing iterative computations,
recursive structures need to be introduced into SQL. Another important requirement is the

need to express pattern matching queries to support the analysis of time series and other



sequential data.

In response to these needs, the SQL standard introduced the recursive Common Table Ex-
pression (CTE), which is highly influenced by concepts and techniques developed by research
work on DATALOG recursion. Also, to support queries on sequential data, the change pro-
posal named SQL-MR (Match-Recognize) [ZWCO07] was put forth by major DBMS vendors,
extending the work done at UCLA by the SQL-TS project [SZZ01]. The research work done
in academia has influenced on the continuous evolution of SQL standards, which underscores

the significance of this line of research.

Several years of query language research have shown that aggregates in recursion are needed
to support a wide range of analytics and big data applications, such as graph queries and data
mining algorithms. In fact, aggregates in recursion enable the concise expression and efficient
execution of powerful algorithms that cannot be supported efficiently, or cannot be supported
at all, by queries that are stratified w.r.t. negation and aggregates [MSZ13]. However, strat-
ification is required by the non-monotonic nature of common aggregates, such as min, max,
count and sum, which compromise the declarative fixpoint semantics of recursive queries.
This is a very difficult problem since the early days of DATALOG [KS91, GGZ91, RS92], a
widely researched recursive query language. These approaches sought to achieve both (i) a
formal declarative semantics for deterministic queries using the basic SQL aggregates, min,
max, count and sum, in recursion and (ii) their efficient implementation by extending tech-
niques of the early DATALOG systems [MUGS86, COK87, SR92, VRK94, AOT03]|. However,
these approaches incurred problems such as those described by Van Gelder [Van93], or re-
quired more powerful semantics, such as answer-set semantics, that introduces higher levels

of computational complexity [PDB07, SP07, SW10, FPL11, GZ14].

Fortunately, a novel approach based on the concept of Pre-Mappability (PreM) of constraints,
which extends the declarative fixpoint semantics of Horn Clauses, was recently proposed by
[ZYT118]. This provides a simple criterion that allows the optimizer to push constraints
into recursion. Moreover, users can utilize it to write recursive queries with aggregates in

recursion, with the guarantee that a formal fixpoint semantics holds.
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Contribution Using recent advances in the theory of recursive queries, we proposed and
demonstrated extensions to the SQL language and their efficient implementation, which
provide effective answers to the challenges of supporting complex data analytics in the Big

Data era. Thus, this dissertation makes significant contributions in the following areas.

Firstly, we propose a new recursive query language, RaSQL, an extension of current SQL
standard that supports aggregates in recursion. The rigorous fixpoint semantics of the
RaSQL language is provided by the PreM property [ZYD17]. The extension enables the
expression of many algorithms in SQL, including but not limited to the common graph algo-
rithms such as Single-Source-Shortest-Paths, Connected Components and PageRanks, that
are widely used in complex data analytics. We implement the RaSQL on top of Apache
Spark, with extensions made to the Spark SQL compiler and execution engine, achieving
superior performance compared to most state-of-the-art systems supporting recursive com-

putation, such as Apache Giraph, GraphX and Myria.

Secondly, we propose a new weighted search pattern language, WSP, which extends the
SQL-TS [SZZ01] language, with simple constructs for specifying complex sequential patterns
into SQL. The WSP language pushes forward the semantics in defining the ranking among
searched patterns. By adoption the recent advances in weighted automata [FFGO06], the
implementation of the WSP language achieves a very good runtime performance on the

single machine in processing millions of event tuples.

Outline The rest of this dissertation is organized as follows. In Chapter 2, we provide the
background knowledge about DATALOG, recursive SQL, Apache Spark and Spark SQL. In
Chapter 3, we introduce the RaSQL language with its efficient implementation on top of
Apache Spark. In Chapter 4, we provide the WSP language and its implementation on the

single machine. We draw the conclusion and discuss the future work in Chapter 5.



CHAPTER 2

Background

2.1 Datalog

The recursive query originates from DATALOG [MSZ13], which is a declarative programming
language and is often used as a query language for deductive databases. DATALOG has a
succinct syntax and naturally supports recursive queries. DATALOG is getting increasing
popularity in recent years as its new applications in information extraction, networking,
program analysis and cloud computing [SYI16] due to its declarative nature in helping the

expression of complex analytical logics.

A DATALOG program is composed of a finite set of rules. A rule r is denoted as h < by, ..., b,,
where h is the head of r, and by, ..., b, is the body of r. The head h and b; are literals having
the form p;(t1,...,t;), where p; is a predicate, and t1, ..., t; are terms that can be constants,
variables, or functions. A constant can be a number, a string or any pre-defined value, and
a function is a pre-defined mapping on the given variable inputs. The commas separating
literals in the body represent logical conjunctions (AND). Disjuctions (OR) are represents by
multiple rules with the same head predicate name. A query indicates the desired predicate

to evaluate. Below is the Transitive Closure (TC) query in DATALOG:

Program 1. Transitive Closure

rl. tc(X,Y) < edge(X,Y).

r2. tc(X,Y) < tc(X,Z), edge(Z,Y).

We have two rules in this program, r1 and r2. Rule rI is called a base rule as its body

5



only refers to the existing relations in the database. Here, r1 derives tuples in tc by simply
including all tuples from the relation edge, which means that all directed edges in the graph
are included as initial transitive closures. Rule r2 is called a recursive rule since it refers to
itself in its body. The program can be computed using a bottom-up evaluation: The rule 71
is applied first, and then the rule r2 is applied by recursively joining the previous tc tuples
with the edge tuples until no more new tuples are generated, which defines its formal least

fixpoint semantics as introduced next.

Fixpoint Semantics The semantics of the DATALOG program P are defined as the declar-
ative least-fixpoint semantics of Horn Clauses, where specifically, in terms of the Immediate
Consequence Operator (ICO) for P, denoted as T,,(I), where I is any Herbrand interpretation
of P. In practice, I can be informally viewed as a set of variable assignments that make the
given DATALOG program valid. Similarly, the ICO can be viewed as an application (a single
derivation) of the DATALOG rules on I. For a recursive query without negation, 7,(/) is a
monotonic continuous mapping in the lattice of set-containment to which the interpretation

I belongs. As illustrated in [ZYD17], following well-known properties hold:

1. A unique minimal (w.r.t. set-containment) solution of the equation I = T,(I) always
exists and it is known as the least-fixpoint of 7},, denoted I fp(T}); I fp(T},) defines the

formal declarative semantics of P.

2. For an immediate consequence operator 7T, with w being the first infinite ordinal,
T™(0) is defined by letting 77°(0) = @, and T (@) = T(T™(0)). Then T (D)
denotes the union of TT (@) for every n. The fizpoint iteration T)*(() defines the
operational semantics of our program. In most applications of practical interest, the
iteration converges to the final value in a finite number of steps, and it can be stopped

at the first integer n + 1 where, TH"™ (0) = T ().

For positive DATALOG programs, we have the operational and declarative semantics coincide.
Recent literature [MPRO0] shows that the ability to use aggregates in recursion will largely

extend the expressiveness of the language. However, problems arise if we want to use basic



aggregates such as min, max, count and sum in recursion, especially when we want to
push the non-monotonic logic such as aggregates or lower /upper-bound constraints into the
DATALOG recursion, which is essential for efficient DATALOG evaluation optimizations such
as Semi-Naive evaluation. Fortunately, it was recently shown [ZYD17, CDI18] that recursive
queries with aggregates that satisfy a Pre-Mappability (PreM) condition produce the same
results as the stratified program, which means the declarative least-fixpoint semantics of
Horn Clauses can be safely extended to basic SQL aggregates, along with the bottom-up

evaluation techniques used by many existing DATALOG systems.

Datalog Evaluation Following the definition of the fixpoint semantics, we present the basic

DATALOG evaluation technique called naive evaluation in Algorithm 1 for TC example.

Algorithm 1 Naive Evaluation of TC
1: tc:=10

2: tc’ := edge(X,Y)

3: DoWhile

4: tc = tcUtc

5: tc’ = myy(te(X,Z) x edge(Z,Y))
6: EndDoWhile(tc’ # tc)

7: return tc

The naive evaluation method outlines the general procedure to evaluate a recursive query'.
Here we use the example of computing Transitive Closures (TC) to describe this approach.
First, the base rule is executed and the new tuples tc’ is produced using the edge relation
(line 1-2). Second, in the start of each recursive iteration, the tc relation includes tuples
generated from the previous iteration by union (line 4). Then the recursive rule joins tc
tuples with tuples from the base relation edge to produce the new tuples tc’ (line 5). This
process is executed iteratively until the tc relation no longer changes, i.e. a fixpoint is

reached (line 6). Finally, tuples in tc relation are returned.

Though any recursive query language using fixpoint semantics conceptually evaluates the

!Language that adopts bottom-up evaluation and fixpoint semantics
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same as the naive evaluation, this approach is seldomly used in real implementations because
it will inefficiently re-produce the existing results in every iteration as all previous generated
tuples in the recursive relation are participating in the derivation of new tuples. An improved

method called Semi-Naive evaluation is presented in section 3.6.

2.2 Recursive SQL

SQL:99 is the first SQL standard that introduces the recursive query. The design of SQL:99
recursion is largely influenced by Datalog. In order to refer itself within a recursive relation

definition, the recursion is implemented using common table expressions (CTEs).

A CTE is a named temporary view within a SQL statement that is retained only for the
duration of that statement. In SQL:99, a CTE view definition can contain references to
itself, i.e. a recursive CTE. The transitive closure query written in SQL:99 CTE is shown in

Program 2.

WITH recursive tc (X, Y) AS
(SELECT X, Y FROM edge
UNION ALL
(SELECT tc.X, edge.Y FROM tc, edge
WHERE tc.Y = edge.X)
SELECT * FROM tc

Program 2: TC query expressed as a recursive CTE

The recursive CTE construct starts with the keyword WITH, followed by a sequence of recur-
sive view definitions. The definition starts with the optional keyword recursive, followed
by the view schema (name and columns). The view is materialized by the definition query

which is a union of sub-queries.

Similar to a valid recursive Datalog program, the recursive relation defined in SQL also

8



requires to incorporate base cases and recursive cases. Indeed, sub-queries that do not
reference to the defining relation are treated as base cases, while others are recursive cases.
In Program 2, the first sub-query is the base case while the second is the recursive case.
Despite the syntax differences, Program 1 and 2 share nearly the identical semantics, and

the evaluation of Program 2 is also the same as described in Algorithm 1.

SQL:99 standard has already been supported in most commercial database systems such
as DB2, Microsoft SQL Server, Oracle, and PostgreSQL. For most implementations, they
adopt the same fixpoint semantics and evaluation methods as the DATALOG for recursive
SQLs, thus we skip the redundant materials. Similarly, new semantics needs to be proposed

if aggregates or other non-monotonic reasoning needs to be supported in recursion.

2.3 Apache Spark and Spark SQL

Apache Spark [ZCF10] is a popular large-scale distributed computation framework with
Resilient Distributed Dataset (RDD) as its core abstraction. The RDD model abstracts a
distributed partitioned dataset and a series of coarse-grained operations, such as map, filter,
join takes effect on it. Transformations are performed lazily, i.e. they will not be submitted
for execution until an action such as count is called. Once a job is submitted, the scheduler
will divide its RDD transformation DAG into a series of stages. The transformations that
can be pipelined (e.g., a series of map operations) are grouped into a single stage. Between
stages, Spark shuffles the dataset to repartition it among the workers. When all dependent
stages of a stage complete execution, this stage will be executed. In this case, the scheduler
creates a set of tasks (i.e., execution units) consisting of one task per input partition, and

launches the tasks on workers.

Spark SQL [AXL15] is the relational data processing module on top of Spark. It includes
the full-fledged SQL parser, analyzer, optimizer and planner which compile an SQL query
into a DAG of RDD transformations. Thus Spark SQL allows users to express complex

analytics logics in high-level Dataset or SQL APIs without the knowledge of RDDs. Spark
9



SQL supports the SQL:2003 standard but without recursive CTE.

Partitioning Relational Dataset The dataset processed in a distributed system, such as
Apache Spark, is often partitioned and distributed on multiple nodes. In Hadoop or Spark,
each executor only processes a single partition at one time. We discuss the partitioning

scheme for a relational dataset R.

A partition function decides which partition a given tuple in R belongs to, defined as

follows: Let C = (C; C

i

--,C;) € R be a subset of attributes of relation R, and D =
D;, x D, ..., xD;, be the domain of values in attribute set C. A partition function h over
the partition key C is defined as a hash function which maps any valued = (d;,,...,d;,) € D

to a partition id (pid), i.e., pid = h(d),h: D — {1,...,n}.

A dataset needs to be repartitioned if it does not satisfy the required partitioning of a specific
operation. In this case, a shuffle operation will be involved which moves data between
different workers/executors to make sure the dataset is re-arranged in the desired way. In
the classical word count example [wor] in MapReduce, the Reduce stage requires its input
to be partitioned on word so that all map outputs belong to the same word can be collected
into the same partition in order to correctly generate the total count of each word. As a
result, all map outputs are shuffled during this repartition process. Shuffle operation is very
expensive as it often incurs large 10 costs among all workers, thus we want to avoid it as

much as possible.
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CHAPTER 3

RaSQL: Greater Power and Performance with

Recursive-aggregate-SQL

In this chapter, we introduce our extension to the current SQL standard, the Recursive-
aggregate-SQL (RaSQL) language. Thanks to it, we can express very powerful queries and
declarative algorithms, such as classical graph algorithms and data mining algorithms in pure
SQL way. A novel compiler implementation allows RaSQL to map declarative queries into
one basic fixpoint operator supporting aggregates in recursive queries. A fully optimized im-
plementation of this fixpoint operator over multiple platforms leads to superior performance,
scalability and portability. We will then present our RaSQL system, which extends Spark
SQL with the before-mentioned new constructs and implementation techniques, matches
and often surpasses the performance of other graph or distributed computation systems,

including Apache Giraph, GraphX and Myria.

3.1 Introduction

An exploding number of Big Data and Al applications demand efficient support for complex
analytics on large and diverse workloads. To address this challenge, researchers in both
academia and industry have built a number of large-scale distributed data processing systems
relying on various language interfaces [MAB10, WBB17, YIF08, ZCF10]. Besides those that
propose new languages, we find several of these, such as Apache Hive [TSJ10], Facebook

Presto [pre] and Microsoft Scope [ZBW12], all choose SQL or its dialects as their language.

11



Even systems which were not targeted at relational processing initially, are now actively
building their SQL interfaces, such as Apache Spark [AXL15], Apache Kafka [KNR11] and
Google Spanner [BBB17].

The continuing popularity of SQL is hardly surprising given the huge benefits it offers over
other languages for many big-data applications, including its portability, performance and
scalability via data parallelism that has been achieved through decades of research and
industrial developments. Yet, as the field is witnessing the emergence of many data manage-
ment systems supporting new applications, such as graph and Al applications, a consensus is
growing that devising simple extensions of SQL that will allow RDBMS to efficiently support
these applications represents a vital research problem. Thus, while projects such as [OPV14]
focus on enabling SQL to support the richer data structures and representations provided

by JSON, here, we focus on extending the expressive power of the language.

The potential for the greater expressive power of recursive queries has provided a key mo-
tivation for Datalog research [KS91, MPR90, MSZ13|. Inspired by it, the SQL:99 standard
introduced the Recursive Common Table Expression (CTE), which allows recursive queries
such as Transitive Closure (TC). However, in those extensions, the use of negation and
aggregates in the recursive query proper was disallowed due to the concern that their non-
monotonic nature would compromise the least-fixpoint semantics of the queries. Therefore,
the current SQL standard merely supports queries that are stratified w.r.t. aggregates and
negation, leading to computations where the recursive queries complete before aggregates

and negation are applied to the results that they produce.

Fortunately, it was recently shown [ZYD17, CDI18] that queries with aggregates-in-recursion
that satisfy a Pre-Mappability (PreM) condition produce the same results as the stratified
program; thus they are semantically equivalent but evaluate much more efficiently than
their stratified counterparts. Furthermore, recursive queries that do not use negation but
aggregates satisfying PreM can express many advanced queries of interest, such as those

discussed here and in [CDI18].
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In this chapter, we present the RaSQL' language and system that extends the current SQL
standard to support aggregates-in-recursion. RaSQL is able to express a broad range of data
analytics queries, especially those commonly used in graph algorithms and data mining, in a
fully declarative fashion. This quantum leap in expressive power is achieved by enabling the

use of the aggregates such as min, mazx, count and sum in the CTE in the SQL standard.

Furthermore, the RaSQL system compiles the recursive construct into a highly optimized
fixpoint operator, with seamless integration to other SQL operators such as joins or filters.
Because of the aggregate-in-recursion optimization brought by PreM and other improvements
discussed in this chapter, the performance of RaSQL system implemented on top of Apache
Spark, matches and often surpasses that of other systems, including Apache Giraph, GraphX

and Myria as shown in our experiments (Section 3.8).

The main purpose of our experiments is not to explore how fast we can run on the most
advanced hardware, or claim that the RaSQL implementation is fundamentally faster than
some other system, but rather to demonstrate that a general recursive query engine can be

optimized to achieve the competitive performance of special-purpose graph systems.
Contributions. We make the following contributions:

e The RaSQL language which extends the power of recursion of the current SQL standards,

and enables expression of a broad range of applications in fully declarative ways.

e A series of compiler implementation techniques to map the recursive query into a simple

fizpoint operator, which is amenable to a variety of optimizations.

e Distributed iterative computation optimizations specifically focused on recursive plans,
i.e. the fixpoint evaluation process, and various improvements in job scheduling, data

broadcasting and shuffling.

e A large-scale evaluation of the RaSQL implementation on real graphs and complex ana-

'RaSQL, pronounced ‘Rascal’, is an acronym for: Recursive-aggregate-SQL.
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lytics tasks comparing our system with other special-purpose graph systems.

Outline. In Section 3.2, we introduce the syntax and semantics of the RaSQL language.
Section 3.3 describes the PreM property which is the foundation for making possible the
efficient evaluation of aggregates in recursion. Section 3.4 gives examples of several impor-
tant algorithms that can be succinctly expressed in RaSQL. Section 3.5 shows how RaSQL
queries are compiled into recursive physical plans, i.e. the fizpoint operator, to execute on
Apache Spark. Section 3.6 introduces the fizpoint operator execution, specifically the dis-
tributed semi-naive evaluation process. Section 3.7 presents more optimization techniques,
including stage combination, decomposed plan evaluation and code generation. Section 3.8
presents experimental results, with comparisons of our system to other distributed iterative

computation systems. Section 3.9 reviews related works.

3.2 The RaSQL Language

RaSQL is a new query language which is a superset of the current SQL:99 standard, thus all
SQL:99 language features are supported in RaSQL. Beyond that, RaSQL makes important
extensions to the standard’s Common Table Expressions (CTEs) to allow the use of basic

aggregates in recursion, with its semantics guaranteed by the PreM property.

Syntax As demonstrated below, the CTE construct starts with the keyword “WITH?”,
followed by a sequence of recursive view definitions. Fach recursive view definition starts
with the optional keyword “recursive”, followed by the view schema definition (name and
columns). The view content is defined by a union of sub-queries: each sub-query is either a
base case, i.e. its FROM clause does not refer to any recursive CTE, or a recursive case, i.e.

its FROM clause may refer to one or more recursive CTEs.

WITH [recursive] VIEW1 (vl_columnl, vi_column2, ...)
AS (SQL-expressionll) UNION (SQL-expressionl2) ...,

[recursive] VIEW2 (v2_columnl, v2_column2, ...)

14



AS (SQL-expression21) UNION (SQL-expression22)
SELECT ... FROM VIEW1 | VIEW2 |

WITH RECURSIVE construct of RaSQL

RaSQL extends the CTE construct for recursive queries by allowing the use of the basic
aggregates such as min, max, sum, count in recursive view definition. For aggregates used
in the CTE, RaSQL adopts the implicit group by rule, i.e. no explicit group by clause is
required in each sub-query, and all columns except the aggregates will be treated as the group
by columns. This design greatly reduces the boilerplate code and improves the readability.
Moreover, it conveys the message that the aggregate function is applied to all the given

column values produced during the recursive computation.

Example The Bill of Materials (BOM) [bom] is an important recursive query application in
SQL:99, and gets widely used in many business environments. We use this classical example
to illustrate the detailed syntax and semantics of RaSQL and the PreM property. In our

simplified version of BOM, we have the following two base relations:
assbl(Part, SPart). basic(Part, Days).

The assbl table describes the assembling relationships between an item and its immediate
subparts. Not all items are assembled: basic parts are purchased directly from external
suppliers and will be delivered in a certain number of days, which is described in the basic
table. Without loss of generality, we assume a part will be ready the very same day when
its last subpart arrives. Thus, the number of days required for the an item to be ready is
the mazimum day when each of its subparts is delivered. In SQL:99, the BOM query can

be expressed as follows:

WITH recursive waitfor(Part, Days) AS
(SELECT Part, Days FROM basic) UNION
(SELECT assbl.Part, waitfor.Days

FROM assbl, waitfor
15



WHERE assbl.Spart = waitfor.Part)

SELECT Part, max(Days) FROM waitfor GROUP BY Part

Q1: Days Till Delivery by a Stratified Program

RaSQL still supports this query, but also supports an equivalent and much more efficient

version as below.

WITH recursive waitfor(Part, max() as Days) AS
(SELECT Part, Days FROM basic) UNION
(SELECT assbl.Part, waitfor.Days
FROM assbl, waitfor
WHERE assbl.Spart = waitfor.Part)

SELECT Part, Days FROM waitfor

Q2: The Equivalent Endo-Max Program

Note that from a syntax point of view, the RaSQL query only makes a small change to
replace the stratified maz® used in Q1 by the maz aggregate in the recursive CTE head
of 2. However, it is non-trivial to show that Q1 and Q)2 are equivalent semantically and
evaluate to the same result, which is discussed below.
Semantics The semantics for query Q1 and Q2 are defined by naive fixpoint evaluation
shown in Algorithm 1 and 2, where the following abbreviations are used:

wi=waitfor T =T assbl.Part,uf.Days

X=Massbl.SPart=wf.SPart MAX= partMaXpays
We denote the Relational Algebra (RA) expression used in line 5 of Algorithm 1 as T, which
derives the new wf’ from the old wf. The operators used by T are union, join and project,
which are monotonic and guarantees that when wf’ = wf, we obtain the least fixpoint solution

of equation wf = T(wf), which defines the formal semantics of the Recursive CTE Q1. The

2stratified aggregate means it can only be applied to the result of recursive evaluation, not within the
recursive evaluation process.
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Algorithm 2 Naive Evaluation of waitfor (wf) in Q1
1: wE < 0

2: wf’ + basic(Part,Days)

3: repeat

4: wf  wf Uwf’

5: wt’ < 7(assbl(Part,SPart) X wf(SPart,Days)))
6: until wf’ = wf

7: return max(wf)

Algorithm 3 Naive Evaluation of waitfor (wf) in Q2
L wf « 0

2: wt’ «+ max(basic(Part,Days))

3: repeat

4: wE + wf Uwf’

5: wf’ < max(w(assbl(Part,SPart) x wf(SPart,Days)))
6: until (wf' = wf)

7: return wf

last line in @)1 contains a non-monotonic max aggregate which is applied to wf when the
fixpoint wf = T(wf) is reached. This computation is performed at line 7 of Algorithm 1,

which computes the perfect-model for query Q1 that is stratified w.r.t. max [ZCF97].

Algorithm 2 shows the naive-fixpoint evaluation for )2. The max aggregate has been moved
from the final statement in Q1 to the head of the Recursive CTE in 2. Thus the max
aggregate which was in line 7 of Algorithm 1 has now been moved to line 1 and 5 of Algorithm

2— i.e., lines that specify the initial and iterative computation of wf.

This example illustrates that supporting aggregates in the WITH recursive clause requires
only simple extensions at the syntax level, and techniques such as semi-naive fixpoint
and magic sets also require simple extensions when aggregates are allowed in recursion
[CDI18]. However, aggregates in recursion raise major semantics issues caused by their
non-monotonic nature, which have been the focus of many years of research described in

Section 3.9. Fortunately, the recent introduction of the PreM property has enabled much
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progress [ZYD17, ZYT18] on this problem. In fact, the PreM holds for this example which
indicates @1 and @2 will produce the same results (concrete semantics) and 2 has a min-

imal fixpoint semantics that is equivalent to the perfect model semantics of Q1 (abstract

semantics) [ZYD17].

3.3 The PreM property

If T(Ry,...Ry) is a function defined by RA we say that a constraint v, is PreM to T'(Ry, . . ., R)
when the following property holds:

VT (Ry, .-, Ri)) = 1 (T(y(Ra), - .., v(Br)))-
For instance, if T" is union and ~ is max, then we have:

max(Ry U...U Rg) = max(max(Ry) U...Umazx(Ry)).

PreM for union has long been recognized and used as a cornerstone for parallel databases
and MapReduce. Moreover the PreM property also holds for join and other operators,
which provides a general solution to the semantic problem of having aggregates in recursive

queries.

Consider the RA expression T used in line 5 of Algorithm 2, which computes the new value of
wf’ from its old value wf. The PreM property holds for maz if max(T(wf)) = max(T(max(wf))),

i.e. if the following relational expressions are equivalent:
max(m(assbl(Part,SPart) X wf(SPart,Days))) =
max(m(assbl(Part,SPart) x max(wf(SPart,Days))))

This PreM equality states that the max waitfor days for a part is the max of the max of
days for each of its subparts. For simple queries such as this, proving the PreM property is
straightforward. Powerful techniques are available for proving that complex expressions of

RA and arithmetic operators are PreM w.r.t. extrema and other aggregates [ZYT18].
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With the PreM property holding, we can now observe that max(wf(Part,Days)) simply
denotes the application of maz to the previous step in the computation of Algorithm 1,
by applying the join and the PreM rule interchangeably, we can derive Algorithm 2 from
Algorithm 1:

max(wf,(Part,Days))
= max(m(assbl(Part,SPart) x wf, ;(SPart,Days)))
= max(7(assbl(Part, SPart) X max(wf, ;(SPart,Days)))
= max(m(assbl(Part,SPart) x

max(m(assbl(Part,SPart) X max(wf, ,(SPart,Days))))

= max(m(assbl(Part,SPart) X ...

max(7(assbl(Part, SPart) X max(basic(SPart,Days)))))*

Symmetrically, if we start from Algorithm 2, we see that max(wf(Part,Days)), i,e., the maz
applied to the previous step in the iteration, can be removed without changing the result.
Therefore, starting at line 2, and repeating this reasoning for each successive step, we can
remove each maz from Algorithm 2, except the one at the last step, that will actually be
applied at line 7. In other words, we find that PreM allows us to transform Algorithm 1
into Algorithm 2 and vice-versa, thus providing a robust proof of the equivalence of the
operational semantics of Q1 and Q2. At the pure declarative level, the abstract semantics of
Q1 and Q2 coincide, since the minimal fizpoint semantics for Q2 coincides with the perfect

model of Q1 [ZYD17].

In addition to min and max, the PreM condition entails the use of count and sum in recursion.
This is because, the count can be modeled as the max applied on the continuous monotonic
count which can be freely used in recursion, and similar property hold for the sum of positive
numbers [ZYD17, CDI18|. Thus for our BOM example, we can use a query similar to Q2 to

efficiently compute the count of items used in an assembly, or to sum their costs.

3Due to limited space, union is omitted, given that PreM holds for union.
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3.3.1 Programming with Aggregates in Recursion

The stratified version Q1 and the unstratified version Q2 are semantically equivalent. There-
fore, in principle, either one could be employed by users to express their applications. How-
ever, there are three compelling reasons for RaSQL to adopt the unstratified syntax, and

these outweigh the benefits of using internal query rewritings through the compiler.

A first reason for this conclusion is that the iteration implied by the fixpoint evaluation
combined with maz or min provides a natural high-level abstraction of the original proce-
dural algorithms that users find very helpful in expressing complex algorithms in RaSQL.
The same cannot be said for the stratified versions, particularly for queries such as SSSP*
where cycles in the database will cause non-termination. Programmers who in the course
of their past experience have developed an aversion to non-terminating loops will feel very
uneasy about that query. The same is true for users who are not familiar with the concept
of transfinite computations, a concept needed to understand the semantics of an SSSP query

in the presence of cycles in the graph.

A second reason for preferring the unstratified versions of the queries is the semantics of count
and sum. In fact, the semantics of a traditional count is defined by the application of maz to
the continuous count which is monotonic and can thus be used in recursion [MSZ13, ZYD17].
Therefore, stratified programs will have to use the monotonic count in recursion and then
take the maximum at the next stratum. On the other hand, by allowing the use of count
in recursion, RaSQL avoids the need to introduce a special monotonic count aggregate all
together. Similar observations will also hold for sum (but not for avg since the ratio of

monotonic count and sum is not monotonic).

A third reason is that the Q2 syntax clearly states to users that the optimization resulting
from PreM will be applied in the course of the fixpoint computation which often exhibits

much better performance than Q1-and there are even cases, such as SSSP with directed

1Single-Source-Shortest-Path (SSSP) algorithm, shown in Section 3.4
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Figure 3.1: Performance of Stratified Query vs. RaSQL

cycles, where Q2 terminates but Q1 does not. Our experiments result in Figure 3.1 shows that
a typical unstratified query runs orders of magnitude faster than their stratified counterparts

on widely used graph applications such as CC and SSSP®.

Of course, before replacing Q1 with the much more preferable QQ2, users should ensure
that PreM holds for their queries. This task can be performed using the proof techniques
introduced in [ZYT18]. However, a formal proof is often an over-kill for people who are
used to testing rather than proving the correctness of their queries. These users will instead
want to test that PreM held at each step of the computations by which they tested the
correctness of their programs. Thus we provide an auto-validation tool bundled with the
RaSQL compiler, which helps validate arbitrary RaSQL query (Section 3.3.2). Moreover, we
built a library of commonly used graph and data mining algorithms written in RaSQL and
we proved that they satisfy PreM. These queries can be easily modified to adapt to a wider

range of application scenarios.

5*Only the execution time for meaningful iterations is recorded for stratified-SSSP, as it will not terminate
due to loops in the graph.
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3.3.2 Testing PreM

When testing a recursive query, to check that it produces the intended result, the RaSQL
system will also provide the users with a simple way to verify that the result satisfies the
formal declarative semantics defined by the perfect model of the stratified version of the

query. This is guaranteed by the following theorem.

Theorem 3.3.1. If the PreM is satisfied at each step of the fizpoint computation, the perfect

model for its stratified version of the query is obtained.

Now, checking that PreM holds at each step of the fixpoint can be achieved by re-writing
the original program into its PreM-checking version. For instance, Query G2 below shows

the PreM checking version of our original APSP query G1.

WITH Recursive apsp(Src, Dst, min() AS Cost) AS
(SELECT Src, Dst, Len FROM edge)
UNION
(SELECT apsp.Src, edge.Dst, apsp.Cost+edge.Len
FROM apsp, edge WHERE apsp.Dst = edge.Src)

SELECT Src, Dst, Cost FROM apsp

Query G1: Original APSP Query

WITH Recursive all(Src, Dst, Cost) AS
(SELECT Src, Dst, Len FROM edge)
UNION
(SELECT apsp.Src, edge.Dst, apsp.Cost+edge.Len
FROM apsp, edge WHERE apsp.Dst = edge.Src),
Recursive apsp(Src, Dst, min() AS Cost) AS
(SELECT Src, Dst, Len FROM edge)
UNION
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(SELECT all.Src, edge.Dst, all.Cost+edge.Len
FROM all, edge WHERE all.Dst = edge.Src)

SELECT Src, Dst, Cost FROM apsp

Query G2: PreM-checking version - APSP

Observe that G2 can be easily derived from G1, by introducing an additional recursive
view, all, that provides the un-minimized counterpart of apsp. In fact, the statements
computing all in Query G2 are those that compute apsp in G1, with the min constraint
removed. Symmetrically, the statements computing apsp in Query G2 are obtained from
G1 by replacing apsp by all in its recursive case. Therefore, apsp in Query G2 implements
the computation vy(7'(I)), whereas in the original Query G1 it was computed as y(T'(y(1))).
As long as we verify that Query G1 and G2 produce the same apsp results at each step of
the computation, we are confident that the PreM holds at each step and thus the query is

correct.

The testing technique that we discussed for the APSP is quite general and any RaSQL
programmer can use it to test PreM on their exo-min or endo-min queries. Furthermore, we
are implementing a debugging tool called GPtest that automates this task for users: Similar
to a step-by-step debugger, GPtest executes both the original and the PreM-checking version
queries iteration by iteration, and will signal a failure of PreM as soon as a difference is
detected, which calls for revisions of the original programs. We hope that this will help users

quickly learn how to avoid violations of PreM when writing their queries.

While testing will be sufficient to satisfy many users, a formal proof of PreM is preferable
in many situations, particularly when introducing advanced declarative algorithms written
in RaSQL such as those published on our website [web]. Such proofs can be performed by
users exploiting techniques similar to those described in [ZYI18], or by GPtest which is now

being extended to automate the PreM-proving process.
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3.4 RaSQL Examples

We provide a list of example queries written in RaSQL: Example 1-3 are classical graph

queries; Example 4-8 demonstrate various application queries expressible in RaSQL.

Example 1 - Single-Source-Shortest-Path (SSSP):

Base tables: edge(Src: int, Dst: int, Cost: double)
WITH recursive path (Dst, min() AS Cost) AS
(SELECT 1, 0)
UNION
(SELECT edge.Dst, path.Cost + edge.Cost
FROM path, edge
WHERE path.Dst = edge.Src)

SELECT Dst, Cost FROM path

The SSSP query computes shortest paths from a given source node to all other nodes in the
graph. The weighted edges are stored in the base relation edge. The recursive relation path
is initialized with a path of length 0 to the source node itself. The paths to other nodes are
iteratively computed by joining existing paths with edges that start from the end of these

paths. The min aggregate is used to select the shortest path.

Ezample 2 - Connected-Components (CC):

Base tables: edge(Src: int, Dst: int)
WITH recursive cc (Src, min() AS CmpId) AS
(SELECT Src, Src FROM edge)
UNION
(SELECT edge.Dst, cc.CmpId FROM cc, edge
WHERE cc.Src = edge.Src)

SELECT count(distinct cc.CmpId) FROM cc
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The CC query finds all connected components in a graph. The idea of this algorithm is
label propagation. Each node is attached a component id Cmpld denoting which component
it belongs to. Initially, it is assigned as its own id. During iterations, the Cmpld of each
node is updated as the minimal Cmpld from its neighbors. The final result is calculated by
counting the distinct number of C'mplds as all nodes within a single connected component

will have the same (minimal) Cmpld when the fixpoint is reached.

Ezxample 8 - Count Paths:

Base tables: edge(Src: int, Dst: int)

WITH recursive cpaths (Dst, sum() AS Cnt) AS
(SELECT 1, 1)
UNION
(SELECT edge.Dst, cpaths.Cnt FROM cpaths, edge
WHERE cpaths.Dst = edge.Src)

SELECT Dst, Cnt FROM cpaths

The Count Paths query computes the number of paths from a given node to all nodes in
a graph. The cpaths is initialized by 1, which is the count of paths from the start node to
itself. The number of paths from the start node to another node is iteratively computed
by adding up the path count from the start node to an intermediate node, which directly

connects to the destination code.

Example 4 - Management:
Base tables: report(Emp: int, Mgr: int)
WITH recursive empCount (Mgr, count() AS Cnt) AS
(SELECT report.Emp, 1 FROM report)
UNION
(SELECT report.Mgr, empCount.Cnt
FROM empCount, report

WHERE empCount.Mgr = report.Emp)
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SELECT Mgr, Cnt FROM empCount

The Management query calculates the total number of employees that a manager directly and
indirectly manages in a large corporation. The base relation report describes the relationship
between an employee and his/her manager. In the base case, the employee count for everyone
is initialized to 1. In the recursive case, the employee count of a manager is iteratively

computed by adding up the employee count of his/her direct reporters.

Ezxample 5 - MLM Bonus:

Base tables: sales(M: int, P: double)
sponsor(M1: int, M2: int)
WITH recursive bonus(M, sum() as B) AS
(SELECT M, Px0.1 FROM sales)
UNION
(SELECT sponsor.M1, bonus.B*0.5 FROM bonus, sponsor
WHERE bonus.M = sponsor.M2)

SELECT M, B FROM bonus

The MLM Bonus query calculates the bonuses that a company using a multi-level marketing
model [mlm] needs to pay its members. The salesmen in such a company form a pyramid
hierarchy, where new members are recruited into the company by old members (sponsors)
and get products from their sponsors. To encourage its members to sell more products, the
company rewards them through bonuses. A member’s bonus is not only based on his/her
own personal sales, but also the sales of each member in the pyramid network that he/she

directly and indirectly sponsored.

The sales relation describes the gross profit P that each member makes, and the sponsor
relation shows the sponsor relationship between two members. In the base case, it calculates
the bonus that a member earns through the products that they sold by themselves. In the

recursive case, it calculate the bonus that derived from the sales of each member that he/she
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directly/indirectly sponsors.

Example 6 - Interval Coalesce:

Base tables: inter(S: int, E: int)
CREATE VIEW lstart(T) AS
(SELECT a.S FROM inter a, inter b
WHERE a.S <= b.E

GROUP BY a.S HAVING a.S = min(b.S))

WITH recursive coal (S, max() AS E) AS
(SELECT 1lstart.T, inter.E FROM lstart, inter
WHERE lstart.T = inter.S)

UNION

(SELECT coal.S, inter.E FROM coal, inter

WHERE coal.S <= inter.S AND inter.S <= coal.E)

SELECT S, E FROM coal

The Interval Coalesce query finds the smallest set of intervals that cover input intervals. It

is one of the most frequently used queries in temporal databases. However, it is notoriously

difficult to write correctly in SQL [ZWZ06]. Here, we express it succinctly with RaSQL using

the mazr aggregate.

In the first part, a non-recursive view called [start is created to find all left start points of

intervals that are not covered by other intervals (except itself), using a self-join on the base

relation inter. In the second part, the recursive view coal, which represents the final coalesced

intervals, is computed by extending the end points of intervals having the left starting points

in Istart through iteratively merging other intervals which cover these end points.

Ezxample 7 - Party Attendance:

Base tables: organizer(OrgName: str)
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friend(Pname: str, Fname: str)

WITH recursive attend(Person) AS

(SELECT OrgName FROM organizer)

UNION

(SELECT Name, Ncount FROM cntfriends

WHERE Ncount >= 3),
recursive cntfriends(Name, count() AS Ncount) AS

(SELECT friend.FName, friend.Pname

FROM attend, friend

WHERE attend.Person=friend.Pname)

SELECT Person FROM attend

The Party Attendance query computes people who will attend a party — a person will attend
the party if and only if three or more of his/her friends attend, or he/she is the organizer.
This query is more complex than previous examples as it is expressed in a mutual recursion
fashion, i.e., the definitions of two or more recursive relations reference to each other. The
attend relation records people who will attend the party, which is computed from the in-
formation provided by cntfriends. The cntfriends relation records the number of a person’s

friends who will attend the party, which also needs the information from the attend relation.

Ezxample 8 - Company Control:

Base tables: shares(By: str, 0f: str, Percent: int)
WITH recursive cshares(ByCom, 0fCom, sum() AS Tot) AS
(SELECT By, 0f, Percent FROM shares)
UNION
(SELECT control.Coml, cshares.0fCom, cshares.Tot
FROM control, cshares

WHERE control.Com2 = cshares.ByCom),
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recursive control(Coml, Com2) AS
(SELECT ByCom, 0fCom
FROM cshares
WHERE Tot > 50)

SELECT ByCom, 0fCom, Tot FROM cshares

The Company Control query was proposed by Mumick, Pirahesh and Ramakrishnan [MPR90]
to calculate the complex controlling relationships between companies. Companies can pur-
chase shares of other companies. In addition to the shares that a company owns directly,
a company A owns shares that are controlled by a company B if A has a majority (over
50% of the total number) of B’s shares. A tuple (A, B, 51) in the base relation shares
indicates company A directly owns 51% of the shares of company B. This query also uses
mutual recursion: The cshares view recursively computes the percentage of shares that one
company owns of another company while the control view decides whether one company

controls another company.

Ezxample 9 - Same-Generation (SG):

Base tables: rel(parent: int, child: int)

WITH recursive sg (X, Y) AS
(SELECT a.Child, b.Child FROM rel a, rel b
WHERE a.Parent = b.Parent AND a.Child <> b.Child)
UNION
(SELECT a.Child, b.Child FROM rel a, sg, rel b
WHERE a.Parent = sg.X AND b.Parent = sg.Y)

SELECT X, Y FROM sg

The Same-Generation (SG) query identifies pairs of nodes where both are the same number
of hops from a common ancestor. The base relation rel includes the parent-child relationship
of two nodes. In the base case, the recursive view sg is initialized with nodes which share

the same parent; In the recursive case, the sg view is iteratively populated by new pairs of
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nodes whose parents have already been classified as the same generation.

Ezxample 10 - Reachability (Reach):

Base tables: edge(Src: int, Dst: int)
WITH recursive reach (Dst) AS
(SELECT 1)
UNION
(SELECT edge.Dst FROM reach, edge
WHERE reach.Dst = edge.Src)

SELECT Dst FROM reach

The Reachability (Reach) query basically does a Breadth-First Search (BFS) to find out all
nodes that are reachable from the source node. In the base case, it adds the source node, i.e.
1, to the reach relation. In the recursive case, new nodes are added to the reach relation in
each iteration if their neighbors have already been included in the relation, i.e., been visited

during the BFS process.

Example 11 - All-Pairs Shortest-Path (APSP):

Base tables: edge(Src: int, Dst: int, Cost: double)
WITH recursive path (Src, Dst, min() AS Cost) AS
(SELECT Src, Dst, Cost FROM edge)
UNION
(SELECT path.Src, edge.Dst, path.Cost + edge.Cost
FROM path, edge
WHERE path.Dst = edge.Src)
SELECT Src, Dst, Cost FROM path

The All-Pairs Shortest-Path (APSP) query describes the Floyd-Warshall’s [flo] algorithm to
compute the shortest paths between all pairs of nodes in a weighted graph. In the base case,

the recursive relation path is initialized by all existing edges with costs. In the recursive
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case, new paths are iteratively derived by joining already computed paths with edges, which
are connected by the same intermediate node, with the costs being summed up. The min

aggregate is used to find the minimal path among all paths between two nodes.

3.5 Compiler Implementation

The compilation of a non-recursive SQL query typically goes through three steps: (1) Pars-
ing the query into an Abstract Syntax Tree (AST); (2) Analyzing the logical plan to resolve
column and table references for each operator; (3) Performing physical planning to generate
the execution plan. Though the general procedure for compiling a RaSQL query is similar,

our recursive extensions bring several new challenges.

Challenges The SQL logical analyzer is unable to recognize a recursive view definition, i.e. a
self-reference in the CTE will lead to infinite loops during reference resolution. Moreover, the
iterative nature of the query plan generated from the recursive case requires to be executed

multiple times until a fixpoint is reached, as described in Algorithm 3.

To overcome these challenges, we design a special analysis step called Recursive Clique Anal-
ysis for recursive CTEs, which makes the analyzer aware of the recursive definition to avoid
resolution issues. In order to evaluate the recursive plan iteratively, we introduce a new
fixpoint operator which drives the iterative evaluation process. It makes the output stage
of an iteration serve as the input stages of the next iteration to ensure the correct dataflow
between iterations. Once the fixpoint is reached, the operator returns the union of tuples

produced during all iterations as the result.

We implement the RaSQL compiler and optimizer on top of Spark SQL®. We choose Apache
Spark as the RaSQL compiler and runtime mainly because it supports the ANSI-SQL stan-

dard with a well-designed SQL parser, analyzer and optimizer. The compiled form of a

6Details about Apache Spark and Spark SQL is provided in Section 2.3
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Spark SQL query is an RDD DAG which is targeted for distributed execution. However, we
would like to point out that most of the compilation and optimization techniques proposed

for RaSQL are also applicable to other RDBMS systems such as MySQL or Postgres.

3.5.1 Recursive Clique Analysis

Each recursive view defined in the CTE is transformed into a Recursive Cliqgue Plan before
any other analysis steps. In detail, it includes three main tasks: (1) Resolving recursive
relation references; (2) Pushing down (pre-mapping) any aggregates used in recursive view

columns to each sub-query; (3) Distinguishing between the base and recursive cases.

This transformation step is essential because: (1) The Spark SQL analyzer is unable to
handle recursive relations, though as long as the recursive relations are resolved, most of the
subsequent analysis and optimization steps can proceed normally; (2) An efficient execution
of recursive queries with aggregates requires a pre-mapping of aggregates (PreM property
in Section 3.3) into each recursive iteration. Thus, the corresponding group-by keys and
aggregate columns need to be assigned for each sub-query; (3) The physical planner and the
execution engine take different strategies to compile and execute base and recursive cases,

thus an early separation of the two cases will greatly ease subsequent steps.

We show the Recursive Clique Plan (Figure 3.2 (a)) generated by the recursive clique analysis
of the waitfor query (Q2). The entire query is transformed into an operator tree with the
recursive clique operator as the root. The sub-query which only refers to the base relation
basic is recognized as the base case, while the other sub-query with the recursive-reference
is recognized as the recursive case. Note that the max aggregate is pushed down into each
sub-query with the group-key and aggregation column correctly mapped to Part and Days.

Other operators such as join are directly translated from their counterparts in the original

query.
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Figure 3.2: RaSQL Query Plan - (a) Clique (b) Physical

3.5.2 Physical Plan Generation

The Recursive Clique Plan is further analyzed by other rules defined in the analyzer, such
as resolving column aliases, converting basic operators (e.g. join, filter, aggregate) to their
logical operator counterparts, etc. The analyzed plan is then optimized by a batch of rules
such as predicate pushdown, filter combination and constant evaluation defined in the opti-
mizer. Finally, the logical plan is sent to the physical planner to generate the final execution

plan.

Compared to the logical plan, the most noteworthy change is the inclusion of the fixpoint
operator in the physical plan (Figure 3.2 (b)). The fizpoint operator is the center of the
recursive iteration: it evaluates its child plan (the recursive case) repetitively until the fix-

point is reached. The execution of each iteration takes place eagerly as the fizpoint operator
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needs to know if the fixpoint is reached to decide whether to schedule the next iteration or
not. The distributed evaluation of the fizpoint operator and its optimization is discussed
in Section 3.6. Other important decisions made in the physical planning phase include the
join type selection, e.g., HashJoin vs. SortMergeJoin (Section 3.6.3) and the insertion of
exchange operators [Gra94]. Due to space limitations in the figure, we omit showing all
exchange operators. The main function of the exzchange operator is to shuffle the output of
a child operator to the desired partitioning as required by its parent operator for parallel

execution, which is discussed in Section 3.6.

3.6 Fixpoint Operator Execution

The naive evaluation described in Algorithm 3 provides a conceptual idea for evaluating a
recursive query. However, due to its inefficiency, the fixpoint operator adopts an optimized

version called Semi-Naive evaluation (SN) [Ban86].

The main idea of SN is the delta evaluation: only newly produced data items stored in the
delta relation at iteration ¢ will participate in the calculation for iteration ¢+1, thus much
less computation is required compared to the naive version given both use the same number

of iterations to the fixpoint.

We first revisit the classical single-node Semi-Naive evaluation method using the Transitive
Closure (TC) example (Algorithm 4). The optimization made to the distributed execution
is discussed in Section 3.6.1 and the optimization of aggregates in recursion is described in

Section 3.6.2, the choice of distributed join types is discussed in Section 3.6.3.

Base tables: edge(Src, Dst)

WITH recursive tc (Src, Dst) AS
(SELECT Src, Dst FROM edge) UNION
(SELECT tc.Src, edge.Dst FROM tc, edge

WHERE tc.Dst = edge.Src)
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SELECT Src, Dst FROM tc

Transitive Closure (TC) Query Example

Algorithm 4 Semi-Naive Evaluation of TC
1: 0tc < edge(X,Y)

2: tc < Otc

3: DoWhile

4: tCnew ¢ Txy(0tc(X,Z) X edge(Z,Y))
5: 0tc’ < tcpey — tcC

6: tc + tcUitc

7: dtc «+ dtc’

8: EndDoWhile(dtc # ©)

9: return tc

The Transitive Closure query generates all pairs of nodes (X, Y) that are reachable from X to
Y. In Algorithm 4, tc is the set of all tuples produced for the recursive relation and dtc (dtc’)
is the set of new tuples (delta) produced for the current iteration. In SN, the base case is
evaluated first. The tuples in edge become the initial set of tuples for both dtc and tc (line
1-2). Then, SN iterates until a fixpoint is reached (line 8). Each iteration begins by joining
dtc with the base relation relation edge and projecting X, Y terms to produce candidate tc
results (line 4). These results are then set-differenced with tc to eliminate duplicates and
produce dtc’ (line 5), which is unioned into tc (line 6) and becomes dtc (line 7) for the
next iteration. As each iteration only uses the dtc as the join input in SN, no duplicate
tuples are generated, thus the intermediate results are much smaller than the naive version,
leading to a more efficient execution. It is worth mentioning that the SN evaluation divides
the recursive relation into a delta relation (dtc) and an all relation (tc) during evaluation,

which are two important notions and will be used frequently in later discussions.
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Algorithm 5 Distributed Semi-Naive (DSN) Evaluation

1

2

3:
. K: Partition key for R, dR’, B, R, also the join key

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:

25:

B: Base relation
R: Recursive relation (All)
dR, 0R': Recursive relation (Delta)

function MAPSTAGE(OR, B)
> Require: 0R, B co-partitioned on join key K
for each partition pair of (JR, B) do
emit [I(60R <sp x—p.x B)

function REDUCESTAGE(JR/, R)
> Require: dR’, R co-partitioned on key K
for each partition pair of (6R', R) do
D+ 6R' — R
R+ RUR
emit D

dR < Results of Base Case, R < ()
do
141+ 1
MapOutput < MapStage(0R, B)
R’ + ShuffleExchange( MapOutput, key = K)
dR < ReduceStage(0R', R)
while (0R # ()

return R
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3.6.1 Distributed Semi-Naive Evaluation

To derive a distributed version of the Semi-Naive evaluation (Algorithm 4), it is necessary to
identify the key operations that the algorithm does in each iteration, which can be generalized
to two steps: (1) the delta relation produced at iteration i-1 is joined with the base relation
(plus other RA operations such as filter, project if necessary); (2) the result is set differenced
with the all relation to produce the new delta relation for iteration i+1 and set union-ed
to expand the all relation. Besides, the data exchange between iterations also need to be
meticulously planned in order to achieve the optimal performance. Thus we discuss our
efforts in improving the intra/inter-iteration planning beyond the Spark’s default execution

model.

Intra-Iteration Planning The evaluation steps within an iteration can be naturally mod-
eled as a Map stage and a Reduce stage, and supported on any distributed system that
adopts the idea of MapReduce [DGO08] (e.g. Hadoop, Spark), which leads to the DSN eval-
uation as shown in Algorithm 5: In the Map stage, the join and other RA operations will
generate the Map outputs (line 9), which are then shuffled to the desired partitioning (formal
definition of partitioning the relational dataset is provided in Section 2.3) as required by the
reducers (line 22); In the Reduce stage, input tuples are set-differenced/unioned with the
existing tuples in the all relation to produce the new delta relation and all relation (line 14,
15) for the next iteration. All computations are performed partition-wise, and the join and

set operations require both input relations co-partitioned (line 7, 12).

Inter-Iteration Planning In principle, as long as the output result of the previous itera-
tion to be served as the input of the next iteration, the scheduler will take care of the inter-
iteration planning. However, extra challenges are posed in practice which significantly affect
the performance: Firstly, the Spark scheduler is unaware of the nature of fixrpoint iteration
jobs, which leads to the stages of each iteration to be scheduled independently without con-
sidering the inter-iteration data locality. Secondly, as a Spark RDD is immutable, each union

or set difference operation will result in a new RDD being created with most of its data re-
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dundantly copied from up-stream RDDs. These two issues nearly eliminate the performance
benefits brought by the Semi-Naive evaluation, thus we designed a special data structure for

RDDs and a new scheduling policy to optimize the Inter-Iteration Planning.

SetRDD We designed a new data structure for the all RDD, which organizes each of its
partition data in an append-only hashSet to support frequent set-difference /union operations.
Each partition of the all RDD is cached in workers’ memory or disk during all iterations
to enable fast access. As a result, the speed of set operations is greatly improved because
the set union only incurs the overhead of adding new data items. This is much faster than

having to copy all data as required by immutable RDDs.

A natural concern that arises is whether the fault-recovery of the RDD is compromised by
the fact that the lineage of the all RDD is no longer preserved due to its mutable structure.
In reality, a good recovery speed can still be achieved since its set data which represents the
computed results from all previous iterations are always cached (checkpointed), a failure in
any iteration will only incur the replay of the execution job belonging to the current stage,

resulting in a competitive performance w.r.t. lineage-based method.

Partition-Aware Scheduling The Algorithm 5 poses a strong partitioning restriction for
the base relation and delta relation, which demands the reduce key to be the same as the join
key. By doing this, the reduce output will be partitioned as required to be served as input
for the next iteration’s Map tasks, which means that an ideal scheduling policy could take
advantage of this to schedule a Map task of the next iteration to the worker which contains

its input data, achieving the iter-iteration data locality.

However, the Spark scheduler fails to do so because by default a hybrid strategy is adopted
to decide where to run a task by considering a combination of factors such as the workload
of executor, the locality waiting time, and the input data locations. Though this strategy
generally works well in scheduling multiple independent jobs, it leads to sub-optimal per-
formance in fixpoint iterations due to the ignorance of the iter-iteration data locality which

causes unnecessary remote data fetches across iterations.
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Figure 3.3: Dataflow of DSN iterations

Thus we designed a new scheduling policy, which makes the Spark scheduler aware of the
locations of a cached RDD’s partition blocks, and schedules corresponding tasks of another
RDD to these locations. It works as follows: 1) when an RDD is cached, it sends back the
locations of its partitions to the master; 2) if another RDD needs to be co-partitioned with
this RDD in case of join, union, etc, it can request the scheduler to assign its tasks to the

cached RDD’s locations.

Figure 3.3 shows the dataflow between two consecutive iterations ¢ and i+1. The base relation
(ellipse) is partitioned and cached on each worker before the start of the first iteration, and
it is joined with the delta relation (blue rectangle) to produce the new delta relation in each
Map stage. The all relation (unfilled rectangle) is partitioned and cached using SetRDD, and
is expanded in each Reduce stage through the union with the new delta relation. Thanks
to the partition-aware scheduling policy, the Map task which reads the partitioned data
produced from the Reduce task of the previous iteration are always scheduled on the same
worker, which eliminates any unnecessary remote fetches and achieves the data-locality across

iterations.

39



Algorithm 6 Map/Reduce Stage w/ Max Aggregate
1: function MAPSTAGE(R, B)

2: > Require: 0R, B co-partitioned on join key K

3: for each partition pair of (0R, B) do

4: P« Il (6 R <s5r.k=B.K B)
5: emit Partial_Aggregate( P, func=mazx, key=k)
6:

7. function REDUCESTAGE(0R', R)
8: > Require: 0R’, R co-partitioned on key K

9: for each partition pair of (0R', R) do

10: for each partial aggregated (k,v) of 0R’ do
11: if £ not in R.keys then

12: put (k,v) in R, add to D

13: else if v > R(k) then

14: update (k,v) in R, add to D

15: emit D

3.6.2 Aggregates In Recursion

To efficiently support the aggregates-in-recursion optimization enabled by the PreM property,
the general logic of Map and Reduce tasks need to be extended as shown in Algorithm 6: In
the Map stage, the projected tuples will be partially aggregated first to reduce the shuffling
data size (line 5); In the Reduce stage, the partially aggregated tuples are merged with
the existing results sharing the same aggregation key in all RDD (R). The delta RDD (D)
includes tuples not only with newly generated group key (line 11-12), but also existing groups
whose aggregate values are updated in the current iteration (line 13-14). These are indeed

the extended operations for set difference and union under aggregates.

Again, we use the waitfor example to illustrate how delta tuples are generated if maz ag-
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gregates are used: Suppose the tuple (b,5)” has already been produced in previous iterations,
which indicates the maximum waitfor days calculated for part “b” is 5 so far. If a bigger wait-
for day is derived from its subpart in the current iteration, e.g., 6, then (b,6) will be added
to 0, and participates in the next iteration’s calculation. However, if a produced waitfor day
is smaller, e.g., 3, then (b, 3) will be ignored and discarded due to the property of monotonic
aggregates. For theoretical proof of the correct semantics for semi-naive evaluation with

monotonic aggregates in recursion, we refer [MSZ13] for interested readers.

3.6.3 Join Implementation

The join operation between the delta RDD and base RDD in the Map stage (line 4 in
Algorithm 6) is typically the most time consuming part in each iteration. Here we consider
two types of distributed joins — shuffle-hash join and sort-merge join with their performances
compared. An optimized version of the broadcast-hash join is a better choice for certain types

of queries, which is discussed in detail in Section 3.7.

Shuffle-Hash Join The general idea of the shuffie-hash join is that one side (build side)
of the join will build a hash table, and the other side (stream side) streams the tuples and
probes the possible matches in hashed relation. In our implementation, the base relation
side is always chosen as the build side due to two reasons. First, the size of the delta
relation will become very large during the recursion iterations. Though its size will reduce
to zero when the fixpoint is reached, it is still much larger than the base relation in most
iterations. Second, the fixed build side allows the hash table to be only created once and
then cached/reused across iterations, thus the actual build time is amortized to small when

the number of iterations accumulates up.

Sort-Merge Join If both join sides contain very large relations that cannot fit in memory,
sort-merge join becomes a better choice over shuffle-hash join as it uses less memory and has

better cache locality. The join process starts with sorting both inputs, followed by a merge

"The grouping key is “b” and aggregate value is 5.
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Figure 3.4: Shuffle-Hash Jom vs. Sort-Merge Jom

phase of the sorted runs. In our implementation, the base relation side is also cached, i.e.

sorted once and reused during iterations.

We did performance comparisons between the two joins using three queries (CC, SSSP,
REACH) on differently sized RMAT dataset®. The performance in Figure 3.4 shows shuffle-
hash join always performs better. This result is not surprising as we always allocate enough
memory for the base relation side to build the entire hash map, which shows the cost of
probing the matches in the hash table is generally smaller than sorting the whole delta
relation. We also observed that the sort-merge join requires much less memory than the
shuffle-hash join, and more stable than the latter, i.e. causes less job failures, indicating it

is a better choice if the join size is large or stability is preferred.

3.7 Performance Optimization

After our initial experiments, we found that the major performance affecting factors not
only include the computation-intensive operations such as joins and aggregates, but also
10-intensive tasks such as scheduling and shuffling. Thus we designed hybrid optimization
strategies such as stage combination, decomposed plan optimization and code generation, to

alleviate the performance bottlenecks in both aspects.

8Experiment settings are provided in Section 3.8.
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Algorithm 7 Optimized DSN Evaluation w/ Aggregate

1: B: Base relation
2: R: Recursive relation (All)
3: dR: Recursive relation (Delta)

4: K: Partition key for R, B, R, also the join key

6: function SHUFFLEMAPSTAGE(OR, B, R)
7: > Require: 0R, B, R all-partitioned on key K
8: for each partition pair of (R, B, R) do

9: for each partial aggregated (k,v) of 0R do
10: if £ not in R.keys then

11: put (k,v) in R, add to D

12: else if v > R(k) then

13: update (k,v) in R, add to D

14: P ¢ (D >p g=px B)

15: emit Partial_Aggregate( P, func=mazx, key=k)
16:

17: 0R + Results of Base Case, R + ()

18: do

19: 141+ 1

20: MapOutput <+ ShuffleMapStage(dR, B, R)
21: dR + ShuffleExchange(MapOutput, key = K)
22: while (0R # ()

23: return R

3.7.1 Stage Combination

The abstraction of the distributed Semi-Naive evaluation process as a series of Map/Re-
duce stages (Algorithm 5) provides a general implementation guidance on any systems that

support the MapReduce model. In Spark, however, the RDD model is more powerful than
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Figure 3.5: Dataflow of optimized DSN iterations

MapReduce as all RDD transformations that are not separated by the shuffling operation
can be pipelined within a stage. Thus, we can combine the Reduce stage of the iteration ¢
with the Map stage of the iteration i+1 into a single ShufieMap stage as shown in Algorithm
7. Note that stage combination is only possible by activating the partition-aware scheduling
policy introduced in Section 3.6.1 because all three RDDs 6 R, B, R that participate in the
evaluation need to be co-partitioned and any specific partition requires to be scheduled on

the same worker across all iterations to minimize the data movements.

The optimized distributed Semi-Naive evaluation is visualized in Figure 3.5. Note that each
iteration now only takes a single stage thus greatly reduces the overall scheduling cost and
improves the cache locality. We evaluate the effect of stage combination optimization using
CC, REACH and SSSP queries on various sizes of RMAT dataset (Figure 3.6). The result shows
a very significant improvement on the overall execution time. For recursive queries without
aggregates, such as REACH, it achieves a performance boost of 3X to 5X. For queries with

aggregates such as CC and SSSP, it achieves an improvement between 1.5X to 2X.
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Figure 3.6: Effect of Stage Combination

3.7.2 Decomposed Plan Optimization

Certain kinds of recursive queries can undergo special optimizations as indicated by previ-
ous research work [46][57]. These queries can be compiled into decomposable plans which
exhibit an attractive feature for parallel execution: A well-chosen partitioning strategy for
the decomposable plan allows the result RDD produced from the join to preserve the orig-
inal partitioning of the input delta RDD. For example, the plan of the linear TC query is
decomposable, thus if dtc(X,Y) is partitioned on X, dtc(X,Y) can be joined with base relation
edge(Y,Z) to produce the result §'tc(X, Z), with the same partitioning as the input dtc(X,Y)

(both partitioned on X).

As the output delta RDD preserves the input’s partitioning, the executor which works on
partition ¢ in the current iteration can continue to work on the same partition in the next
iteration, with all its input data fetched locally. This is a pretty nice feature as it allows
all partitions of a decomposable plan to be computed out independently without the global
synchronization, i.e. each executor can claim a partition and performs the iterative compu-
tation on its own without communication with the master or other workers until the fixpoint

is reached.

However, a decomposable plan often implies the join key is different from the partitioning
key. For example, the dtc(X,Y) is partitioned on X but joined on Y, which indicates that it
is possible to join with any tuple of the base relation edge(Y,Z). To fulfill this requirement,

each worker must own an entire copy of the base relation, instead of just a partition of
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Figure 3.7: Effect of Decomposition and Compression

it, in order to conduct the independent execution. In practice, an entire copy of the base
relation is distributed to each worker (and cached on it) before the start of the recursive

iterations.

In our implementation, we use broadcast-hash join to distribute the base relation to workers
and perform the hash join in each iteration. The default implementation provided by Spark
requires the hash table to be built on the master node before being sent to workers, which is
inefficient for large relations as the hashed relation is often 2X to 3X larger than the original
one. We optimize the process by broadcasting the compressed relation and ask each worker

to build the hash table on its own, thus minimizing the data transfered.

Figure 3.7 shows the effect of the decomposed execution and the broadcast compression by
measuring the performance of TC query on various sizes of synthetic graphs (parameters
are provided in Section 3.8). The broadcasting time is depicted on the graph as solid bars
(broadcast/total time). The figure shows that even broadcasting a large relation takes time,
the overall performance of the decomposable optimization is still much improved over the
un-optimized version, by approximately 1.5X to 2X. Moreover, the broadcast compression
contributes a lot in bringing a good performance on large graphs such as N-40M and N-80M,

with a reduction of nearly half of the overall execution time.
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Figure 3.8: Effect of Code Generation

3.7.3 Code Generation

Spark 2.0 [ZCF10] introduces the whole-stage code generation which helps the execution
engine eliminate the bottlenecks of the classical volcano iterator model [GM91] such as
frequent virtual function calls, and better leverages CPU registers for intermediate data
[Neull]. The engine uses the code generated at the runtime to compute the query results
instead of using the actual operators, while the code is generated from collapsing fragments

of query operators into a single function wherever possible.

Since a RaSQL query is compiled to a Spark SQL plan for execution, queries written in
RaSQL can also benefit from the speedups brought by the whole-stage code generation.
Note that to fully leverage the power of code generation, we add extra code generation rules
for operators without code generation support in Spark, such as shuffle-hash join with base
relation cached. As a result, for most queries, the code generation is able to collapse all

operators within each iteration into a single function to achieve the best performance.

To demonstrate the effect of code generation, we compare the pure recursive iteration time
(excluding the data loading time) of CC, SSSP and REACH queries on RMAT datasets, as
shown in Figure 3.8. For CC and SSSP queries, the code generation reduces the computation
time by 10% to 20%. However, the effect of the code generation is not as significant as other
optimizations, mainly due to two reasons. First, as code generation collapses multiple RDD
transformations into a single function call, only large number of RDD transformations will

make a distinguished effect, which is not our case. Second, most queries used in our experi-
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ments are not computation-intensive, thus a large portion of the time is spent on IO-intensive

tasks such as shuffling, which further diminishes the effectiveness of code generation.

3.8 Experiments

We evaluate the performance of RaSQL system by comparing the query execution time with
five other systems or implementations, namely, Apache Giraph, GraphX, BigDatalog, Myria

and Spark-SQL-SN on various sizes of synthetic and real world datasets.

Apache Giraph and GraphX are the two most widely used distributed graph processing
engines. Both of them are inspired by Google’s Pregel [MAB10] system, but built on top
of different execution models, i.e. Hadoop MapReduce vs. Spark RDD. These two sys-
tems exhibit good performance in processing large-scale graph datasets as demonstrated
by [GXD14, LCY14]. We choose distributed graph engines for comparison mainly because
many graph algorithms can be elegantly expressed as recursive queries in RaSQL (Section

3.4).

We choose two systems from academia for comparison, BigDatalog [SYI16] and Myria
[WBH15]. BigDatalog is a recursive Datalog query engine, and the implementation of RaSQL
system borrows good ideas from BigDatalog’s execution engine but with a new architecture
and optimizations introduced in Section 3.7 — we want to show the improvement brought
by these optimizations over BigDatalog. Myria is a distributed big data management system
focused on complex workflow processing, which also supports recursive queries expressed by
Datalog. For baseline comparison, we write optimized Spark SQL programs to simulate the
semi-naive evaluation using a mix of the Scala loops and SQLs, namely Spark-SQL-SN, as

Spark SQL does not support recursive queries directly.

For other non-distributed graph engines such as Neo4j, and RDBMS systems such as MySQL,
our initial experiments on them present a far worse performance (at least an order of mag-

nitude slower) compared with other systems due to their poor parallel support for recursive
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queries. Since they cannot run in distributed mode”, we are unable to tune them to run fast
enough to perform any meaningful comparisons with other systems on our test queries and

datasets.

Experimental Setup. Our experiments are conducted on a 16-node cluster. Each node
runs Ubuntu 14.04 LTS and has an Intel i7-4770 CPU (3.40GHz, 4 core/8 thread), 32GB
memory and a 1 TB 7200 RPM hard drive. Nodes of the cluster are all connected with a
1Gbit network.

For each system, one node is dedicated as the master and other 15 nodes as the workers.
Each worker node is allocated 30 GB RAM and 8 CPU cores (120 total cores) for execution.
Myria is configured with one instance of Myria and PostgreSQL per node since each node
has one disk. The Hadoop version is 2.2 for all systems using HDFS. We evaluate RaSQL,
BigDatalog, GraphX and Spark-SQL programs with one partition per available CPU core,
on Spark 2.0 platform. The Giraph system directly runs as MapReduce jobs on Hadoop. All
systems are activated with the in-memory computation by default. RaSQL is configured to
execute queries using shuffle-hash join and optimized DSN evaluation with stage combination

and code generation optimizations.

Dataset Parameters. We use various sizes of synthetic datasets to verify the effect of
different optimization approaches as listed in Table 3.1. Treell contains trees of height 11,
and the degree of a non-leaf vertex is a random number between 2 and 6. Grid150 is a
151 by 151 grid while Grid250 is a 251 by 251 grid. The Gn-e graphs are n-vertex random
graphs (Erdés-Rényi model) generated by randomly connecting vertices so that each pair is
connected with probability 107¢. Note that although these graphs appear small in terms of
number of vertices and edges, TC and SG are capable of producing result sets many orders

of magnitude larger than the input dataset, as shown in the last two columns.

As it is generally difficult to tune each system to the optimal performance, we have tried our

9In fact, Neo4j can utilize Apache Spark as its distributed execution engine [cyp]. However, the actual
computation tasks are executed by the libary code written in Spark SQL or GraphX programs (which are
already included in our experiments) with the input data fetched from the Neodj storage.
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Name | Vertices Edges TC SG

Treell 71,391 71,390 805,001 | 2,086,271,974

Grid150 22,801 45,300 | 131,675,775 2,295,050

Grid250 63,001 | 125,500 | 1,000,140,875 10,541,750

G10K-3 10,000 | 100,185 | 100,000,000 | 100,000,000
G10K-2 10,000 | 999,720 | 100,000,000 | 100,000,000
G20K-3 20,000 | 399,810 | 400,000,000 | 400,000,000
G40K-3 40,000 | 1,598,714 | 1,600,000,000 | 1,600,000,000
G8OK-3 80,000 | 6,399,376 | 6,400,000,000 | 6,400,000,000

Table 3.1: Parameters of Synthetic Graphs

best to minimize this effect. Nevertheless, we still emphasize that the purpose of our experi-
ments is not to show RaSQL system is fundamentally faster than some other system, but to
demonstrate that a general recursive query engine can be optimized to achieve competitive

performance of special-purpose graph systems.

3.8.1 Graph Data Analytics

In this section, we show the performance comparison of our system with GraphX, Giraph,
BigDatalog and Myria using three common graph analytics queries. We report the execution
time of these systems over the benchmark programs on different sizes of synthetic and real

world graphs.

Programs. We choose three commonly used graph queries — REACH, CC and SSSP (pro-
vided in Section 3.4) for performance comparison, mainly because they are commonly used,
already implemented as library algorithms in most graph systems, have well-understood be-
havior to be served as fair measurements. The REACH program uses breadth-first-search to
find all nodes that are reachable from a source vertex; the CC program uses label propagation

algorithm to identify the connected components in the graph; the SSSP program computes
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the shortest paths from a source node to all other nodes in the graph.

To give an overview of the time complexity of each algorithm, let m be the number of edges,
n the number of vertices, and d the diameter of the graph, the number of intermediate results
produced in each iteration is O(m), O(dm) and O(nm) for REACH, CC and SSSP. Thus
given a dataset, REACH is expected to run fastest among all three while CC in the middle
and SSSP is the slowest as both the computation and communication costs grow linearly

with the sizes of results produced in each iteration.

Datasets. For synthetic graphs, we use RMAT graph generator [gtg] with parameters (a, b, ¢)
= (0.45, 0.25, 0.15) to generate different sizes of RMAT-n graphs (n € {1M, 2M, 4M, 8M,
16M, 32M, 64M, 128M}). RMAT-n has n vertices and 10n directed edges with uniform integer
weights ranging from [0,100). The experiments on different sizes of RMAT-n datasets help
us understand how RaSQL and other systems scale with graphs of increasing size. For real

world graphs, we use four frequently experimented datasets as listed in Table 3.2.

Name Vertices Edges | Source

livejournal | 4,847,572 | 68,993,773 | [liv]

orkut 3,072,441 | 117,185,083 | [ork]
arabic 22,744,080 | 639,999,458 | [aral
twitter 41,652,231 | 1,468,365,182 | [KLP10]

Table 3.2: Parameters of Real World Graphs

We record the total time of evaluation starting from the data loading until the evaluation
completes, as most systems do not explicitly report their data loading time. For CC, each
point on the figure represents the average evaluation time on the test graph over 5 runs. For
REACH and SSSP, each point represents the average time over 5 randomly selected vertices,

run 5 times each.

Figure 3.9, 3.10 and 3.11 show the experimental results for the RMAT-n graphs. In general, we

noticed that for all three programs on our test graphs, RaSQL system runs either the fastest
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Figure 3.9: REACH Experiments on RMAT-n graphs
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Figure 3.10: CC Experiments on RMAT-n graphs

(REACH) or very close (CC, SSSP), i.e. within 10% to the fastest system on RMAT-16M or
larger sizes, outperforming GraphX by 4X to 8X; Giraph exhibits very similar performance
curves with our systems on CC and SSSP queries, and always 1.5X to 2X slower than RaSQL
on REACH; GraphX is generally slower than other systems but it still shows good scalability
when the data size goes up; Myria runs fastest when the dataset size is small (typically 4M or
smaller), but it scales poorly and gradually lags behind other systems on large data sizes. A
potential explanation is that Myria has less overhead on small graphs but its communication
module is less robust compared to other systems, thus affecting its performance on large

datasets. In summary, RaSQL shares a similar curve with Giraph, which demonstrates
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Figure 3.11: SSSP Experiments on RMAT-n graphs

4
10 5 2 2
3 '5.3 NN~ = © = oo A
107 © ®
@ 2 '_8 @838 N~ vgt\lwv 88wg o ,\Rgg ,_8(%@
e - —K] = . =
°§’ 10° Qo 8g8 R'\ D @ '\RgK% mgﬁﬁm DIUANN ’ ¢m£ﬁ'\ w%ggg 5 ’ o
= R = > N = © ]
“liledlink 11 L
[N \ /
livejournal  orkut arabic twitter | livejournal orkut arabic twitter | livejournal  orkut arabic twitter
REACH CcC SSSP

Figure 3.12: Systems performance comparison of REACH, CC and SSSP on real graphs.

the best scalability among all systems, and are always among the fastest systems on three

programs when the data sizes become large.

Figure 3.12 shows the performance results for four real world datasets. Interestingly, RaSQL
shows a better relative performance compared with Giraph: approximately 2X faster on
REACH and SSSP. This improvement is largely in credit to a better handling of skewed
datasets in RaSQL, i.e. a better partitioning strategy that leads to more balanced workloads
on each executor. GraphX also closes its gap to Giraph, which is only 1.5X to 2X slower,
but still much slower than RaSQL. Over all real world dataset experiments, RaSQL ranks
the 1st on 9 tests, and ranks the 2nd on the remaining 3 tests, which demonstrates RaSQL’s

superior performance.
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3.8.2 Complex Data Analytics

In this section, we report experimental results on three complex data analytics queries, to

demonstrate the performance of RaSQL beyond the traditional graph applications.

Programs. We choose three real world application queries — Delivery, Management and
MLM (The introduction example and Example 4, 5 in Section 3.4). The Delivery query de-
scribes the Bill-Of-Materials (BOM) scenario. The Management query computes the number
of subordinates that a manager has in a company. The MLM calculates the bonus that a

multi-level marketing company needs to pay for its members.

Datasets. As all three queries work on hierarchical data, we generate datasets of trees in
different levels: each tree node has randomly 5 to 10 children, and each child has a 20% to
60% chance (leaf probability) of becoming a leaf. For Delivery query, the basic relation is
generated by assigning weights to the leaf nodes and for MLM query, the sales relation is
generated by assigning weights to each node in the tree. The final datasets we generated
for experiments contain trees of height 10, 11, 12, 13 with 40M, 80M, 160M and 300M

nodes.

As these three queries are not typical graph queries, we use GraphX, Spark-SQL-SN and
Spark-SQL-Naive for the baseline comparisons because all of them execute on the same
platform, i.e. Spark 2.0, as the RaSQL system. The Spark-SQL-SN/Naive programs are
optimized Spark programs to simulate the semi-naive and naive recursive evaluation using a

mix of the Scala loops and Spark SQLs.

Figure 3.13 shows the experiment results, not surprisingly, that RaSQL performs the best
over all queries on all datasets, with at least 2X faster than GraphX on 40M and 80M
datasets. The effectiveness of RaSQL optimizations becomes more significant for the larger
dataset (300M), making the system 4X-6X faster than GraphX. The relative inferior per-
formance of the Spark-SQL-Naive shows the inefficiency of executing a recursive query as a

series of iterative SQL statements.
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Figure 3.13: Performance comparison on Delivery, Management and MLM queries.

The semi-naive evaluation simulated by Spark-SQL-SN does show some improvements com-
pared to the naive one, by approximately 2X. However, it still lags behind RaSQL by at
least 4X, and also slower than GraphX. The result proves that a simple rewriting of the
SQL into a semi-naive version will miss many important optimization opportunities in dis-
tributed execution such as scheduling, shuffling and caching, thus cannot fully leverage the
computation benefits of semi-naive evaluation. Surprisingly, even if we only compare the
delta computation (the purple bar) which processes far less data, the Spark-SQL-SN is still

slower than RaSQL, which shows the effectiveness of our optimizations.

3.8.3 Scaling Experiments

We report some additional experiment results about how our RaSQL implementation on
Spark scales over different cluster sizes, i.e. query execution with different number of workers.
We measure the performance of TC and SG queries on different sizes of synthetic datasets
of Table 3.1. As shown in Figure 3.14, our system scales well as 15-worker gains 7X/10X
speedups w.r.t. the 2-worker settings on TC/SG, respectively. The results of TC — G40K,
SG — G10K and SG — Treell using 1-worker are not shown as they either run out of memory

or require more than 2 hours to finish.

3.8.4 Performance Comparison with Single-Node Implementation

As a supplement to Figure 3.12, we show the results of GAP Benchmark Suite [BAP15]
and COST [MIM15] libraries running the CC query on real world datasets as suggested by
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the reviewers. GAP-Serial and COST adopt single-threaded label propagation algorithm,
whereas GAP-Parallel executes on 8 cores. As shown in Table 3.3, the two single-threaded
libraries tend to execute faster than the distributed systems on small datasets, such as
livejournal and orkut. This is due to their low overhead, but there are other factors as
well. In particular, the GAP library is written in C++ and COST in Rust; also, the fact
that the COST library reads input in binary format potentially accelerates its execution.

However, for larger datasets such as twitter, distributed implementations such as RaSQL
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Figure 3.14: Scaling-out Cluster Size
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and Giraph scale up better and clearly win in performance.

TC-Grid250

Name livejournal | orkut | arabic | twitter
COST 2 <1 14 200
GAP-Serial 13 21 95 763
GAP-Parallel 11 18 93 309
RaSQL 17 19 64 108
GraphX 30 32 72 317
Giraph 21 24 73 106

Table 3.3: CC Benchmark (in seconds)
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3.9 Related Work

Providing formal semantics for aggregates in recursive Datalog programs has been the focus
of much past research [ZCF97, MSZ14]. In particular, [MPR90] discussed programs stratified
w.r.t. aggregate operators whereas [KKS91] defined extensions of the well-founded semantics
to programs with aggregates, which might have multiple and counter-intuitive stable models.
The general approach to deal with all four aggregates proposed in [RS92] uses semantics based
on specialized lattices, with each aggregate defining a monotonic mapping in its special lattice
— an approach with many practical limitations [Van93]. The optimization of programs
with extrema by early pruning of non-relevant facts studied in [GGZ91] and [SR91] exploits
various optimization conditions, while the notion of cost-monotonic extrema aggregates was
introduced by [GGZ95], using perfect models and well-founded semantics. More recently,
[FGGO2] devised an algorithm for pushing max and min constraints into recursion while
preserving query equivalence under specialized monotonicity assumptions. As shown in

[CDI18, ZYT18, ZYD17], the notion of PreM subsumes and simplifies those approaches.

Graph query languages. REX [MIG12] supports a new WHILE operator that can be used
to express fixpoint computations for SQL statements containing aggregates and other non-
monotonic constructs with no guarantee that a formal least-fixpoint semantics is achieved.
ScalOps [WCRI11] supports a loop construct to allow the relational algebra transformations
mixed with the imperative steps. The RACO computation model in Myria [WBB17] provides
the relational algebra with iteration extension. Cypher [FGG18], GraphQL [HS08], PGQL
[RHK16] and SPARQL [PAG09] are all query languages for property graphs that can express
some recursive queries through regular path queries. Graph queries are supported in SQL
Server 2017 with the search condition specified by the MATCH construct in WHERE clause [sql],
but the expressive power of this language is quite limited. To the best of our knowledge,
none of the languages mentioned above achieves the expressive power of RaSQL and they

also fail to provide a rigorous formal semantics for aggregates in recursion.

Large-scale iterative data analytics systems. BigDatalog [SYI16] uses Datalog as its
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query language to support data analytics on distributed datasets. Our RaSQL system bor-
rows some of BigDatalog’s best practices, such as SetRDD, but uses a new architecture
and introduces novel optimizations as shown in in Section 3.6.1 and 3.7. These have de-
livered huge improvements over BigDatalog as shown in Section 3.8. The SummingBird
[BRO14] system provides a domain-specific language in Scala to support online and batch
MapReduce computations. The semantics of its aggregation is defined through the theory
of commutative semigroups. RaSQL differs from it by providing a declarative language ex-
tension over SQL with a rigorous semantics of aggregates-in-recursion guaranteed by the
PreM property. The Naiad [MMI13a, MMI13b] system provides a computational model,
called timely dataflow, which is effective in parallel processing continuously changing in-
put data. DryadLINQ [YIFO08] is a system for data analysis and supports iteration. The
Spark stack provides high-level APIs for relational queries [AXL15] and graph analytics
[GXD14]. Hyracks [BCG11] is a distributed dataflow engine and supports iterative com-
putation. Graph systems providing a vertex-centric API for graph analytics workloads
include Pregel [MABI10], Giraph [CEK15], Powergraph [GLG12], GraphLab [LBG12] and
Pregelix[BBJ14]. Distributed Semi-Naive evaluation on MapReduce systems such as Hadoop
are discussed in [ABC11, SKH12]. [YZ14] proposed optimized algorithm for parallel recursive
query execution on multi-core machines. Prlter [ZGG11] adopts the prioritized execution

technique for fast iterative computation.

o8



CHAPTER 4

A Weighted Search Pattern Language and its Efficient

Implementation

In this chapter, we will explore another important research field which is the language ex-
tensions for pattern matching over large databases and data streams. Recently, there is
much interest growing in this area and several large-scale complex event processing systems
based on SQL extensions have been proposed and implemented. While these languages and
systems are capable of searching complex patterns efficiently in event streams, they lack
functionalities that are urgently needed, including results ranking, fuzzy patterns handling,
and a specification to clearly express users’ preferences in results ordering. To overcome
these limitations, we have designed a new Weighted Search Pattern (WSP) language for large

databases and event streams.

WSP extends existing relational sequence languages; thus, it can be used to query relational
and semi-structured data in a user-friendly syntax. It also enables applications from various
domains such as financial services, genetics, trajectory databases and log analysis. We
propose an evaluation model for this language based on weighted automata. At the same
time, our powerful optimizations on weighted pattern matching make WSP quite efficient,

enabling its capability to deal with large data in a small amount of time.
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Figure 4.1: Price stream (rising period in bold text)

4.1 Introduction

The need for supporting efficiently search of complex patterns in large scale structured
and semi-structured data is now well recognized given its wide applicability in areas such
as financial market, publish-subscribe systems, RFID-based inventory management, click
stream analysis and electronic health systems [ADGO8]. The interest in language extensions
for pattern matching over data streams is also growing and several research proposals and
new SQL standards have been introduced to meet this need. Among them, the SQL-TS
[SZ701] language made the fundamental contributions by introducing simple constructs for
specifying complex sequential patterns into SQL, which led to a recently proposed SQL
standards SQL-MR [ZWCO07]. Based on a similar language syntax, Y. Diao [ADGO08] and her
group developed a system called SASE using a powerful evaluation model NFA®, known to be
a successful work of performing pattern search over event streams by automata approaches.
Recently, Mozafari and K. Zeng proposed a unifying query language and engine called K*SQL
[MZZ10b] on structured databases and data streams based on nested words [MZZ10a|, which

could conduct efficient pattern matching jobs on nested structures such as XML.

These languages and systems extend SQL with abilities that (i) allow a concise definition
of complex search patterns, and (ii) are conducive to efficient implementation and query
optimization [MZZ12], however, there remain three new challenges in pattern matching over

large-scale event streams that have never been addressed before:

Ranking Results. The fact that differences exist between matched results have been ig-
nored by previous works over years. For example, a common task in complex event processing
(CEP) is to extract out continuous price rising periods on a price stream (Figure 4.1). Cur-
rent languages and systems (such as SQL-TS) emit results in the same order as they are

matched (left of Figure 4.2). However, for example, some users may be more interested in
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Figure 4.2: CEP system’s ordering vs. User expected ordering

matchings with longer lengths, which means a length-based ranking mechanism will be quite
helpful (right of Figure 4.2). Unfortunately, none of the current systems provides such func-
tionalities. In order to recognize most valuable, pertinent and interesting matched results,
users have to rank all matchings either manually or resort to other external scripts w.r.t.
some criteria, which is inconvenient, inefficient and error prone. The situation becomes even
worse in the big data era since current stream processing systems are able to emit giga-
bytes of results in a relatively short amount of time [MBMO09]; thus, a ranking mechanism
w.r.t. a proper specification that clearly captures differences between matchings is urgently

needed.

Handling Fuzzy Patterns. In scenarios that they are not sure about the details of a pat-
tern before actual results are presented, users tend to use ‘fuzzy’, ‘imprecise’ or ‘approximate’
query patterns under the semantics of current CEP languages. For example, in genomics
analysis [SAMO3], the search query of finding segment ’ACTG’ in a long DNA sequence with
inclusions of all possible gene mutations at the second base is written as ‘A?TG’ (‘7" is a
wild-card which matches any base). Besides, users may know the fact that the base ‘C’ is
more probable to mutate to ‘T’ than ‘G’. However, such prior knowledge cannot be easily

expressed in current pattern search languages, which incurs much extra work if it is utilized

to capture distinct traits of fuzzy patterns.

Richer Languages. The languages that need to incorporate users’ prior knowledge in
pattern description with a support in results ranking are significantly richer than current
pattern search languages. For example, they should be able to capture the metrics during
the pattern matching process such as how many times one symbol in the pattern are matched

against, which value the symbol is matched to and how these metrics are related to users’ in-
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terest. However, current languages can only describe pattern matching in a boolean way, i.e.,
matching or mismatching, without considering any kinds of these metrics. Richer languages

based on more expressible models are necessary to be invented to satisfy the need.

The goal of our work is to design a new pattern search language and system over event
streams that (i) provides a concise and easy-to-understand way to incorporate users’ prior
knowledge into pattern description, (ii) allows matched results to be automatically ranked
according to this rich description, (iii) efficiently emits large number of ranked results in a

small amount of time.

Contribution. We achieve these goals through following contributions:

1. We design a new Weighted Search Pattern language (WSP) over large databases, which
is a natural extension of SQL-TS [SZZ01], and provides versatility with minimal syntactical
additions (Section 4.2).

2. We propose a powerful evaluation model for WSP based on our study of the features and
properties of weighted automaton (Section 4.3)

3. We propose various optimization techniques (Section 4.4) for our model to achieve the
ability of fast result generation.

4. We develop a prototype system to evaluate our optimization techniques (Section 4.5).

The chapter is organized as follows: the main constructs of our languages are presented in
Section 4.2 through some examples, followed by our proposed evaluation model in Section 4.3.
The implementation and optimization details are highlighted in Section 4.4. The experiments
results are provided in Section 4.5, and a review of the previous related work is mentioned

in Section 4.6.

4.2 WSP Query Language

In this section, we briefly introduce our query language WSP, which extends the SQL-TS

languages. Among all the previous mentioned languages, we choose to make our language
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SELECT (column list)
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AS PATTERN /(" (pattern) ')
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(atomic pattern) [(pattern)]
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PREV | NEXT | FIRST | LAST

LIMIT (number)

Figure 4.3: Simplified syntax of WSP

63



extensions based on SQL-TS because it provides a succinct syntax and conforms with the
standard SQL specification. SQL-TS is also the first pattern search language over event
streams that introduces the Kleene-star symbol, an essential structure in WSP, into pattern

description.

Extensions made to SQL-TS. We adopt similar constructs to SQL-TS with many lan-
guage parts inherited from it, including the same syntax and semantics for SELECT, FROM,
PATTERN and WHERE clauses. The main extension we made is to introduce a new construct
called WEIGHT clause, following the standard WHERE clause, which gives a chance for users to
annotate the symbols appear in PATTERN clause with weight, a quantitative measurement of
a matching’s relative ‘importance’ used in ranking. The detailed semantics of weights and
other constructs in WSP will be explained in Example 1 with supplements from other exam-
ples. A simplified BNF syntax of this language is provided in Figure 4.3, which is sufficient

for explanation.

We will start to introduce WSP with an example similar to the genomics analysis case in
Section 4.1, where a user wants to search for pattern ‘T?G’ in a long DNA sequence. He/she
has a prior knowledge about the relative high or low probabilities of ‘A’, ‘T’ or ‘G’ that
appears in the second base, and incorporates this information into the query using weights
as shown in Example 1. We also provide a CREATE TABLE' clause for each example to show
schema of the table used.

Example 1. (DNA sequence matching) Find a subsequence in a DNA string with un-
certainty in some position.

Query 1. CREATE TABLE Sequence (pos Integer,base Char(1))

SELECT A.pos
FROM Sequence AS PATTERN (A B C)
WHERE A.base =' T’ and C.base =' G

WEIGHT B : 8 when B.base =’ A/,

L CREATE STREAM if used for event/data streams
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B : 4 when B.base =' T,
B: 1 when B.base =' G

LIMIT 10

Example 1 shows a typical WSP query with semantics based on ‘immediately follows’ rela-
tionship between ordered tuples, same as which defined in SQL-TS. The syntax is similar to

standard SQL, except for the following structures with new semantics:

e The AS PATTERN clause defines a sequential pattern we want to search for. The clause
consists of a list of symbols, and each symbol is either a singleton (e.g. A ) or a Kleene-
closure (e.g. A*/AT), representing matching once or multiple times (x allows arbitrary
repetitions, while + requires at least one match) respectively. These symbols can also
be referenced in SELECT, WHERE or WEIGHT clauses to support running aggregates (e.g.
len) and sequence modifiers (e.g. first, last, prev, next), which are detailedly

explained in Example 3.

e The WEIGHT clause defines how user wants to assign weights to matched symbols on
different conditions. It consists of a list of WHEN sub-clauses that each specifies the
weight of a symbol on certain condition. In our semantics, weights are abstractions of
users’ preference or importance measurement of a symbol when it is matched against
under some condition. For example: B : 1 when B.base =’ G’ means a weight of 1 is

" in base column. The

generated if a matched tuple represented by B has a value 'G
weights are arbitrary numbers that can be directly specified by users (Example 1, 2,
3, 4) or derived during the matching (Example 5, 6). The generated weights are sum
aggregated (refer to section 4.3.3) and a final weight is emitted for each matched result,
which is used to determine its relative position in the result set. The weight of any

symbol under any condition is set to a default value related to the underlying math

structure (refer to section 4.3.3) if not explicitly specified in WEIGHT clause.

e The LIMIT clause applies the same semantics as it is in standard SQL. Records in the

result set are ranked based on their weights from high to low, so that this clause
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helps users focus on a small number of preferred results, which is best suited for some

time-critical tasks. This clause is omitted in later examples.

Example 2. (Ranking routes) Find all routes from San Francisco to Los Angeles and
rank routes based on number of passed cities and passing through Santa Barbara or not .

Query 2. CREATE TABLE Route (id Integer, cname Varchar(20))

SELECT X.id

FROM Route AS PATTERN (X T* Y)

WHERE X.cname = ’San Francisco’ and
Y.cname = 'Los Angeles’ and
T.cname<>Y.cname

WEIGHT T : 10 when T.cname =’ Santa Barbara/,

T : —1 when T.cname< >'Santa Barbara’

In trajectory analysis, the selection of routes with certain constraints is a popular topic[WZP12].
Here, we show a situation that a user wants to extract all routes from San Francisco to Los
Angeles and he/she prefers routes that pass through Santa Barbara and are also short. For
this purpose, the weight of an intermediate city is set to -1 except for ‘Santa Barbara’ (set
to 10). It is not hard to predict in the result set that routes pass through ‘Santa Barbara’
and relatively short shall appear at first, followed by longer ones, and then followed by short
and long routes that do not pass through ‘Santa Barbara’. The relative weights (here is 10
and -1) can be adjusted to reflect whether users prefer one versus others (‘a specific city’ vs.

‘route length’ in this example).

Example 2 illustrates how users can specify different weights on different conditions for the
same Kleene-star symbol (T here). WSP treats conditions that specified in WHERE clause as
hard constraints and conditions in WHEN part of the WEIGHT clause as soft constraints. Unlike
hard constraints that every matched tuple must satisfy, tuple that satisfies a soft constraint

will get specified weight. These weights guide the query evaluation engine to rank results.
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For a matching with a smaller weight compared to alternatives, instead of being filtered out
completely, they still appear in the result set but are ranked in lower positions. Through
this way, users can guide the system to emit results that most pertinent to their needs at
first, also leaving room for less interesting results so that both users and systems can save
much work on writing and executing a bunch of similar queries.

Example 3. (System log analysis) Find all critical periods, i.e., periods that start and
end in severe or fatal errors, ranked by severity.

Query 3. CREATE TABLE Log (id Integer,ts Timestamp, tag Char(1))

SELECT first(Q).ts, last(Q).ts
FROM Log AS PATTERN (Q*)
WHERE (first(Q).tag ='s’ or 'f’) and
(last(Q).tag =" &’ or 'f’) and
len(Q) > 10
WEIGHT Q : 9 when prev(Q).tag =' £’ and Q.tag =" £’

Q : 8 when prev(Q).tag =' s’ and Q.tag =

/ l

Q : 8 when prev(Q).tag =" £’ and Q.tag =' ¢/,

(
)-
)-
Q : 5 when prev(Q).tag =" s’ and Q.tag =' ¢/,

Q: 2 when Q.tag =' £’ or’s’

We describe a case when a user wants to analyze logs to extract out critical periods, i.e.,
periods lasting certain time and mixed with ‘severe’ and ‘fatal’ level log records®. Periods
that contain more consecutive ‘severe’ or ‘fatal’ level log records mean a higher severity. The
pattern (Q*) used here itself cannot accurately reflect users’ ideas; thus, it is a vague pattern

which should be supplemented by a bunch of hard and soft constraints.

Example 3 shows the power of modifiers (prev) and running aggregates (len), which can be
used on Kleene-star symbols. The modifiers are used to refer to the previous/next tuple of

the current tuple that is matched against (prev/next) or to the first/last tuple of all tuples

2g’ means ‘severe’, ‘f’ means ‘fatal’ in example query
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that are matched against (first and last). Len is a running aggregate that evaluates to the
total length of tuple matchings on this symbol; other running aggregates such as sum and

avg which sums and averages all values of tuples that are matched against the given symbol.

Example 4. (V-pattern Extraction) Find ‘V-pattern’s in a stock price fluctuation chart,
ranked by steepness.

Query 4. CREATE TABLE Stock (ts Timestamp, price Double))

SELECT A.ts
FROM Stock AS PATTERN (A" B C™)
WHERE A.price < prev(A).price and
B.price < last(A).price and
B.price < first(C).price and
C.price > prev(C).price
WEIGHT A : 1 when prev(A).price — A.price > 10

C: 1 when C.price — prev(C).price > 10

Many existing CEP languages are capable of finding ‘V-pattern’, however, not all ‘V-
pattern’s found in a stock price fluctuation chart are equally useful. As an illustrative
example, users are typically more interested in ‘V-pattern’s that are steeper (in our exam-
ple, steepness is defined by number of times the price is more/less than the previous record
by a minimal difference of 10), which often indicate a change in the global price variation

trend in the near future, while others may just reflect small local fluctuations.

Example 4 shows complex expressions are supported in the when sub-clauses, and a fixed
weight (1 here) can be used if users do not care about the contribution of different matched
values in ranking, i.e, users want to use ‘qualitative’ not ‘quantitative’ measurements in some
situations.

Example 5. (Salary rising period) Find periods where an employee’s salary is rising,

3a trend of values that go down and up in a consecutive period
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ranked by the length of periods.
Query 5. CREATE TABLE Salary

(start Timestamp, end Timestamp, salary Double))

SELECT first(X).start, last(X).end
FROM Salary AS PATTERN (XT)
WHERE X.salary > prev(X).salary

WEIGHT X : (X.end — X.start)

Here, one user is interested in the start and end time of periods when his/her salary is rising.
Each row in the data represents the user’s (unchanged) salary within some time. During the
matching process, the weight specified for Kleene-star symbol (X : (X.end — X.start) here)
will be (sum) aggregated and the weight of a matching will be evaluated to a (maximum)

period that the salary is rising.

Example 5 illustrates that weights are not limited to pre-defined constant numbers in WSP;
instead, they can be column references or complicated expressions and their exact values are
derived or calculated from previous or current matched tuples. Through this way, users are
able to express many queries that are not possible using SQL-TS but WSP as shown here and
in next example. This example also shows if the when sub-clause is omitted in assigning
weight on a given symbol (X here), the specified weight value will be counted to any tuple
that is matched on this symbol.

Example 6. (Active tweet period) Find active periods over a month when users post
tweets, ranked by total length of intervals in that period.

Query 6. CREATE TABLE Tweet(id Integer, text Char(500),date Date))

SELECT first(X).date
FROM Tweet AS PATTERN (XT)
WHERE last(X).date — first(X).date > 30 and

X.date — prev(X).date < 3
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Figure 4.4: Example of a simple weighted automaton.

WEIGHT X : —(X.date — prev(X).date)

An active period is defined as a period within which consecutive posts’ dates do not have
intervals of more than three days. Example 6 shows the condition expression in WHERE clause
can also be listed in WEIGHT clause. Here, X.date — prev(X).date represents the non-posting
interval between two consecutive tweets. It is used in WHERE clause to satisfy a condition
that the interval should not exceed a certain threshold, while it is also used as the weight
of symbol X to ensure the result set is sorted w.r.t. user’s preference of periods with small

intervals.

4.3 Formal Evaluation Model

After we discuss our language, we introduce a formal evaluation model that we adopt, which
is a type of automata called weighted automata, powerful and exactly fits the needs for

evaluation WSP queries.

4.3.1 Weighted Automaton

Our query evaluation model employs weighted automata that comprise finite state automata
and weights, and to be more specific, weights are semiring values attached to transition
edges between different states in the automata. Next, we provide the formal definition of a

weighted automaton:

A weighted finite automaton over a closed semiring S = (K, ®,®,0,1) is a tuple A =
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<Q7 Zv 57 qs, Qf>, where

e ) is a finite alphabet;

@ is a finite set of states;

q¢s € (@ is the initial state;

Qs C (@ is set of final states;

0 C Q x X x K x(Q is a finite set of labeled transitions.

In practice [CDH10], we often relate state transition in weighted automata to finite state
automaton by defining an extra mapping v : @ x X x ) — K as a weight function

(a function that takes a state transition as input and treats the corresponding weight as

output)
A finite word is represented as w = o0g0o;..., where o; € Y. A run over a finite word w on
a given weighted finite automaton is defined as a finite sequence r = ¢y00q101...q5 of states

and symbols such that (i) ¢ = ¢, (ii) (¢i, 04, ¢ir1) € domain(y) forall 0 < i < |w|.
We define the weight v; = (¢, 04, gi+1), and then denote v(r) = wvyv;... as a sequence of

weights obtained by applying mapping v to consecutive transitions.

A run is accepted if and only if go = ¢ and ¢ € Q. The weight of an accepted run is
defined by aggregating v(r) = wvv;...v; using ® operator in semiring, i.e., v = vy Q@ v; ®
vg...®@uvy . For a finite word w = 0¢0..., there may be more than one run in given weighted
automaton that accepts the word. We use v; to denote the weight of ith run that accepts
the word, then the weight of this word is defined as v. = vy ® vy @ ... , which is another
aggregation using @ operator of the semiring structure under the context of this automaton.
If we adopt max-plus semiring as the underlying math structure, then the weight becomes
a rational number. The weight of a run is calculated by using summation over rational
numbers, and the weight of a word equals to the maximum weight of any run that accepts

the word. A simple example of this kind of weighted automaton is shown in Figure 4.4.
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Figure 4.5: Edge Generation Cases

4.3.2 Compilation using Weighted Automaton

We next present our compilation steps for automatically translating WSP query into a corre-
sponding weighted automaton. The generated automaton will be used for query evaluation
over event streams, and is subject to compile-time optimization techniques proposed in sec-

tion 4.4.1.

Basic Algorithm. We first present a basic algorithm that will faithfully construct an

(unoptimized) weighted automaton according to our original query.

Step 1. State Generation: The PATTERN clause in our query uniquely determines the states
of the constructed automaton: a singleton symbol is translated to a (singleton) state (without
self-loop edges) which consumes exactly one tuple; a Kleene-star symbol A* is translated to a
(recurrent) state (with self-loop edges) which consumes any number of tuples; a Kleene-plus

symbol A* is translated to two states of a singleton state and a recurrent state.

Step 2. Constraints Classification: In order to precisely capture transition properties be-
tween states, the algorithm classifies the predicates specified in WHERE clause as hard con-
straints and conditions that specified in WHEN part of the WEIGHT clause as soft constraints,
which conforms with what we have mentioned in Example 2. The algorithm then identifies

all the states whose generating symbols (in Step 1) are referred by these constraints and
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Figure 4.6: Example of Multiple Edges Elimination*

assigns correspondingly. After that, all hard constraints that related to a particular state
are connected into a single conjunctive normal form (CNF). The soft constraints remain

unchanged since they are disjunctive.

Step 3. FEdge Generation: For a singleton state, the algorithm adds one edge to its next
sibling state for each associated soft constraint with the corresponding weight attached.
Then one more edge representing the case of not satisfying any soft constraints is added
with the default weight attached. Multiple edges are generated if there is at least one soft
constrant. If hard constraints exist, all previous generated edges should also contain them:;
For a recurrent state, the step becomes a little complicated: the algorithm first inserts an
additional singleton state (B) between the recurrent state (A) and its next sibling state (C).
The edges from A to B based on soft constraints are generated similarly to the singleton
state case. If hard constraints exist, all previous generated edges should also contain them:;
furthermore, one edge from A to C (representing rejection on hard constraints) and an e edge
(w/o consuming any tuple, to form the self-loop) from B to A are added. These various cases

are clearly classified in Figure 4.5.

Step 4. Multiple Edges Elimination: From the very first state, the algorithm checks if there
are multiple edges between two states. If so, by a duplication of the state that they end with,

multiple edges can be assigned to different end states. The duplication factor equals to the

1w, /ci: constraint ¢; satisfied and weight w; gained
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number of multiple edges. This process is performed recursively on the subgraphs that these
duplicated states start with until all multiple edges are eliminated. An example of this step
is shown in Figure 4.6. Notice this step will often result in a state graph which has a size
exponential to the number of symbols, so in practice, we often use another way to eliminate

these multiple edges (see section 4.4.1)

After above four steps, a naive weighted automaton with its corresponding state graph is

constructed. The weighted automaton for Example 2 is shown in Figure 4.7.

4.3.3 Evaluation Semantics

In this section, we introduce the evaluation semantics that how a weighted automaton con-
ducts pattern matching over event streams. The following procedure adopts the maz-plus
semiring structure with the default weight 0, and is subject to run-time optimization shown

in section 4.4.2.

Procedure. (i) The automaton starts from the first state and waits for any incoming tuples;
(ii) If a tuple is received by a state, for each of its outgoing edges, the automaton tests the
associated hard constraints and soft constraints to decide whether a transition through this
edge is possible. If no edge is satisfied, the automaton backtracks; (iii) For each applicable
edge, the automaton calculates the corresponding weight and performs the state transition
through that edge; (iv) If the final state is reached, the weight alongside the transitions (from
the start state) is sum aggregated and an accepted run is generated with this weight; (v) If
a tuple sequence results in at least one accepted run, a match w.r.t. the pattern is produced
and its weight is determined by the maximum weight among all accepted runs. The tuple
sequence of this match is then added into the final result set with its relative position decided
by its weight. The sample matched results obtained by automaton of Example 2 is listed in
Figure 4.8.

Stransition paths/weights also provided, ¢ transitions omitted
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Figure 4.7: Weighted automaton of Query Example 2

Results Path Weight
[SF, SB, LA] X, Ta, Ta1, Y 10
[SF,SB,TO,LA] X, Ty, Tg1, Tea, Y 9

[SF, SC, LA] X, Ty, Tgo, Y -1
[

SF,SJ,SC,LA] X, Ty, Tea, Tz, Y -2

Figure 4.8: Sample matched results® of Figure 4.7 automaton

4.4 WSP Optimization

Here we briefly introduce our optimization approaches for the weighted automaton based on
maz-plus semiring (Section 4.3.1). We classify our various optimization techniques into two

main categories: the Compile-time Optimization and the Run-time Optimization.

4.4.1 Compile-time Optimization

During compile time, the compiler will translate the WSP query into a weighted automa-
ton with states and edges associated with various soft and hard constraints and weights
(Section 4.3.2). The optimizations in this phase are mainly related to states reduction and

nondeterminism elimination.

States Reduction. If a consecutive number of states that have no soft or hard constraints
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associated, then they can be combined to one state: (i) if states only involve singleton
states, the combined state is a singleton state, which consumes number of tuples equals
to the number of states combined; (ii) if states involve at least one recurrent state and
no singleton states, the combined state is a recurrent state; (iii) if states involve at least
one recurrent state and one singleton state, the combined state is a recurrent state, which
consumes a minimal number of tuples equals to number of singleton states combined. This

optimization is trivial, so we directly apply it on our naive implementation.

Nondeterminism Elimination. Since users can specify soft constraints in arbitrary man-
ners as they want, in some cases, two or more constraints that evaluates to different weights
will be satisfied simultaneously, which cause nondeterministic transitions. For example, soft
constraints such as A : 1 when A.val = 5 and A : 2 when A.val = prev(A).val will both
satisfy on A.val = prev(A).val = 5 with weight of 1 and 2 respectively. In the worst case,
nondeterminism will result in an exponential number of total transitions. Our optimization
is based on maz-plus semiring semantics: since only the maximum weight among all ac-
cepted runs is considered as the weight of a matched result, a greedy policy is adopted that
conducts only one transition which emits largest weight in nondeterminism cases. Through
this way, the exponential number of transitions is avoided and only one answer that equals
to the maximum weight of all accepted runs (without actually generating them) is calculated

out.

4.4.2 Run-time Optimization

Most of the optimizations happen at run-time, which mainly involve early cut-off techniques
w.r.t. hard conditions, cache mechanism to reduce number of backtracks, and constraints

transformation if LIMIT clause is available.

Early Cut-offs. Some hard constraints involving aggregates can be written in another form
to perform early cut-offs. For example, the constraint len(T) = 8 used on pattern X T* Y

is to ensure the matched sequence is of length 10. In the naive implementation, it is used

76



el e2 e3 ed4d e5 e6 e7 e8 €9 ellell ..
Price 119120130 131 132 140 130 120 130 140 140 ...
Weight 0 15 1 1 5 0 0 5 5 0
Total 13 12 7 6 5 0 0 10 5 0 O

Figure 4.9: Cache Optimization to reduce backtracks

as a post-constraint, i.e., it is only checked after the results satisfying other constraints are
generated. Our optimization rewrites it into two parts: len(T) < 8 and len(T) = 8, while
the former one is checked every time a tuple is matched against the state and the later one
is only checked when the former one does not apply. Through this way, any intermediate
matchings on T* whose lengths exceed 8 are not considered, which eliminates redundant

matchings on impossible branches.

Backtracks Reduction. Backtracks result in re-matchings of previously matched tuples.
Although it is not totally unavoidable, we can significantly reduce the number of backtracks
in some cases. For a recurrent state, every time a matching process starts on this state, it
needs to compute weights for any tuple it matches against. However, a lot of re-computations
will happen if backtracking happens. For example, if we want to match increasing price
sequences in 2nd row of Figure 4.9, all tuple sequences start from el to e5 and end on e6
will satisfy the need. However, if we want to employ following soft constraints: A : 1 when A >
Prev(A), A: 5 when A > Prev(A)+5, these matched sequences will produce different weights.

The naive way is to backtrack 4 times in order to calculate these weights out.

Our optimization involves a cache of previously computed weights: with a careful look,
we find all these sequences involve tuples no more than el to e6, and the weight on each
tuple remains unchanged regardless of the start and end of the matched sequence; thus,
a single calculation of the weight of the first (longest) match from el to e6 with a cache
contains weight of each matched tuple (shown in Figure 4.9, 3rd row) is enough. In this
way, we can simultaneously calculate the weights of sequences starting from e2 to e5 by
subtracting the cached tuple weight consecutively (shown in Figure 4.9, 4th row), without

actually conducting the backtracking process.
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Type | Weight | Constraint

Strong | 10 T.cname =" Santa Barbara’

Weak | -1 T.cname<>'Santa Barbara’

Figure 4.10: Constraints Transformation in Example 2

Constraints Transformation. If the LIMIT clause is provided, which means users only
want to see the top k results in highest weights, we can further conduct optimizations by
constraints analysis: soft constraints are classified® into different categories, e.g., ‘strong’
and ‘weak’ based on their relative strength (weight values) and the limit number k. We
will see matchings that satisfy ‘strong’ constraints are more likely to be contained in top k
results (Figure 4.10). To take advantage of this fact, for any soft constraints classified in
‘strong’ category, we enforce all matched results to obey them, i.e., ‘strong’ soft constraints

are temporarily treated as hard constraints.

This transformation avoids a large number of matchings due to the filtering effects of the
‘strong’ soft constraints. However, all valid matchings that only satisfy other weaker con-
straints will be missed. Our solution is to mark all positions in tuple streams (and cache
a necessary amount of tuples) from where the probable valid matchings are missed, and
perform re-matchings on these positions if not enough results generated. As users tend to
specify k in small numbers (typically less than 100) in LIMIT clause, only a little extra costs
will be incurred if redundant backtracks and re-matchings are kept in minimum by adopt-
ing a clever constraints analysis strategy with a combination of previously mentioned cache

technique.

4.5 Experiments

The goal of our experiments is to study the amenability of WSP queries to efficient execu-

tion. We have implemented a prototype system consists of a compiler, an optimizer and a

Scurrently it can only be done on constant numeric weight values
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Type | Description

1 Pattern w/o Kleene-star (short)

2 Pattern w/o Kleene-star (long)

3 Pattern w/ Kleene-star (small backtracking len.)
4 Pattern w/ Kleene-star (large backtracking len.)

Figure 4.11: Query Types

query execution engine for WSP all in Java. As far as we know, WSP is the first language to
support ranking on matched results, so we study the overall performance of the prototype
system mainly through discussions related to the contribution of our various optimization

techniques.

Our experiments were conducted on a 2.27GHz Intel 16-Core Xeon Processor running Ubuntu
12.04, with 16GB of RAM. To demonstrate the performance of our prototype system, we
show our results on crude oil price” data, which is a real-world dataset contains 1.5 million

records.

4.5.1 Optimization Contribution

We used a set of queries that range from type 3 to 4 in Figure 4.11 (small to large average
backtracking length) on the crude oil price dataset to show the effects of various run-time
optimization techniques in reducing the number of tuple instances visited, including back-
tracks reduction (cache), early cut-offs (cutoff) and constraints transformation (limit). We
first evaluated them in isolation, and then put them together to gain better insight on their

separate and combined effects.

In Figure 4.12, we report the number of tuple instances visited over average length of back-
tracks (on recurrent states before post-contraint tested). Let’s start with backtracks reduc-

tion optimization (red line), which reduces a large portion of tuple visits from the naive

"Crude oil Price https://research.stlouisfed.org/fred2
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Figure 4.12: Optimization Contribution

implementation. We find the reduced number is not changed with increasing of backtrack-
ing length, as it mainly avoids re-matchings of tuples that belong to successful matchings (a
constant in our experiment). The optimization of early cut-offs (gray line) will contribute
more with the increasing of the average backtracking length since it reduces significant cost
in making long backtracks when it becomes a main factor. The combined optimizations

reduce more than 60% tuple visits overall.

Constraints transformation optimization (yellow line) is a special optimization since it can
only be performed when the LIMIT clause is provided by users. The effect is significant
if it is applicable® (yellow line): it reduces overall tuple instance visits to a small number
regardless of the average backtracking length, which is due to a relative small number of
matchings and only ‘strong’ constraints that need to be considered in most time. The
combined optimizations (green line) reduce the overall extra tuple instance revisits to no

more than 20% w.r.t. total number of tuples in pattern matching process.

8we set the limit number k to about 10% of all results in experiment
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Figure 4.13: Performance Results

4.5.2 Query Execution Time

We measured the performance using four types of queries (one from each type) shown in
Figure 4.11 on the crude oil price dataset. To show effectiveness of our optimizations in saving
overall execution time, we used various optimization techniques and ran the performance

measurement 10 times and averaged the results (Figure 4.13) for each query.

We first look at the results obtained using run-time optimization techniques except the
limit. Cache technique contributes most in query type 1,2 and 3 since a lot of weight re-
computations are avoided; cut-off technique improves much performance in query type 4
since only long matchings involving Kleene-star provide chances for early cut-offs to work
while in other times it only introduces redundant constraint checkings. The compile-time
optimization technique — nondeterminism elimination (max) — largely reduces execution time
in query type 2 since indeterministic transitions are scaled up exponentially in long patterns.
The combined optimizations reduce more than 50% (90% in the extreme case) processing
time in average. If limit optimization is considered, our system can further achieve a high
processing rate of more than 0.75 million records per second for all types of queries, with a
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saving of 80% time in most cases compared to the naive implementation.

4.6 Related Work

Many related works of pattern matching over event streams have already been discussed in

Section 4.1. Here, we cover a broader range of topics that related to our work.

Top-k Query Processing. Top-k query processing [IBS08] includes a variety of top-
ics such as top-k selection, join and aggregation. And it also involves various techniques
such as approximation|AGP00], randomization[CMNO98] and indexing[XCHO06]. Most exist-
ing top-k processing methods based on the standard relational model [DGKO06][IAEO03] and
SQL[LCIO05], with some work| AKMO05] touches the semi-structure data domain. To the best
of our knowledge, there is no previous work on solving the top-k answer selection problem
under the pattern matching semantics. The weight specification combined with LIMIT clause
in WSP provide a way to extract the top-k answers during the search of patterns; thus, it is the

first method that extends the top-k answers selection techniques to a broader context.

Weighted Regular Languages. The syntax and semantics of WSP are influenced by some
theoretical work about weighted regular languages|GTWO7], which are regular languages
annotated with weights. Their underlying models are also related to weighted automata
and recently attract the eyeballs of some researchers[FFGO06] since they are more expressible
than regular languages. Quantitative languages [CDHO09] further generalize all such kinds
of languages that can be expressed in the context of weighted automata. However, most
works so far have been preliminary in nature and focused on the theoretical feasibility and
properties of these extensions. The design of database query language with weighted search
capability and, even more so, the design of its underlying implementation, i.e., the connected

foci of this report, have not been tackled in the past.
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CHAPTER 5

Conclusion and Future Work

In this dissertation, we proposed new extensions to the current SQL standards, which greatly
extend the language’s expressive power and enable the declarative expression of new appli-

cations for complex data analytics tasks that are widely used today.

In the first part, we presented the RaSQL language, a powerful recursive query language
with superior expressive power, by making simple extensions to the current SQL standard.
Users can express a variety of application queries in RaSQL with a very succinct SQL syn-
tax and rigorous (fixpoint) semantics guarantee. We also show that RaSQL can be compiled
into Spark SQL plans with efficient fixpoint operator implementation, which adopts the op-
timized distributed semi-naive evaluation. Experiments of RaSQL demonstrate the superior

performance and scalability on a distributed cluster.

In the second part, we proposed a new weighted search pattern language WSP based on
weighted automata, and implemented a prototype system to evaluate WSP queries. Our
language provides users with a general and clear syntax and semantics to incorporate their
knowledge and preferences in pattern description to help results ranked in desired ways. The
experimental results validate the efficiency and capability of our system in processing large

numbers of event tuples on a single machine.

Future Work Several exciting research opportunities follow from the RaSQL language. The
first opportunity involves optimizing the implementation of RaSQL on various platforms, via
indexing, multi-core support and improved partitioning schemes for skewed data. Second,

RaSQL’s way in handling aggregates in recursion can be extended to support continuous
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queries on streaming data, which is an interesting topic focused by recent research [SGZ18].
Third, extending other query languages, such as XQuery or SPARQL, with recursive aggre-
gates is a promising research direction. Furthermore, as SQL extensions to support JSON
or other data structures [OPV14, sql] have been proposed recently, combining the benefits
brought by their rich data models with the great expressive power of RaSQL represents a
compelling research objective. Current work focuses on automating the testing and proving
of PreM queries and also on publishing a large library of testing and proving examples that

will enable users to take full advantages of PreM when writing their applications.

There are also many exciting areas to explore using weighted semantics on pattern matching
over large databases, including but not limited to (i) making constraint transformation op-
timization capable of handling variables or functions, (ii) extending weighted specifications
to nested words to make WSP capable of processing semi-structured data such as XML, (iii)

introducing new language features so that weights can be used to define constraints.
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