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OUTLINE

1. Relational and Graph Data Modelling (10 minutes)
2. Multi-Model Queries (20 minutes)

3. Join and Subgraph Matching (15 minutes)

4. Fusion of Query Processing Techniques (40 minutes)
5. Open problems and challenges (5 minutes)



01 Relational and Graph Data Modelling

Data modelling is a never-ending story. We will review the history of relational and
graph data modelling.
= The relational model and its extensions

= The graph data models



Big Data Modelling

* Data modelling is a Never-Ending Story

— Data model enables a user to define the data using high-level constructs without worrying
about low-level details of how data will be stored on disk

* Many data models proposed to address the variety of big data
— Structured data (our focus)
 All data conforms to a predefined schema, e.g., business data
— Semi-structured data
e Some structure in the data but implicit and irregular, e.g., XML and JSON
— Unstructured data

* No structure in data, e.g., text, sound, images, videos



Data Models

Relational: 1970’s
Entity-Relationship: 1970’s

— Successful in logical database design
Extended Relational: 1980’s

Semantic: late 1970’s and 1980’s
Object-oriented: late 1980’s and early 1990’s

— Address impedance mismatch: relational dbs and OO languages

Object-relational: late 1980’s and early 1990’s

— User-defined types, ops, functions, and access methods
Semi-structured: late 1990’s and 2000’s

Graph: 1990’s to the present



The Relational Model

The dominant data model over last 5 decades

* Arelation is a subset of Cartesian product and logically represented as un-ordered tuples and
each record is uniquely identified by a key

* Table, columns(attributes), rows (tuples)

* Domain, cardinality, etc.

®* Cannot nest one tuple within another
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The Relational Extensions

The relational model can be described by 3 components:

* Primitive types: number, string, Boolean, Date, null, etc.

* Relational constructor used on the primitive types

* A set of operators that can be used to each primitive type and type constructor

The relational model can be extended correspondingly
* Nested relational model
— Remove the restriction of 1NF
— Nested type constructors that allow building nested relations from atomic types by using tuple
constructors and set constructors
* Object-relational model
— Separates set and tuple of the relational constructor and support object
* JSON
— includes other type constructors such as lists, multisets, arrays, etc.



Semistructured Data

Self-describing by associating semantic tags or markers and enforce hierarchies of

records and fields by nesting elements within the data.
* XML, json, protobuf, Parquet, etc.

Can be viewed as relational extensions with restriction removal
 Complex types: arrays, (nested) tuples, maps
* Rigid schema is not necessary

Relational data model Semistructured data model

* Rigid flat structure(tables) * Flexible, nested structure(trees)

 Schema must be fixed in advanced * Schemaless("self-describing”)

* Binary representation: good for * Richer types, e.g., text representation:
performance, bad for exchange good for exchange, bad for performance

 Query language based on Relational  (Query language borrows from automata

Calculus theory



JSON as an example

Primitive values
A string, which looks like "Hello"

. _ Order.json
* A number, which looks like 42 or -3.14159 {"Order no":"0c6df508"
 true or false ”Or::lerli.nes'“ [ '
* null { “Product_no”: "2724f"
“Product_Name”: “Toy",
Structured values "Price":66 },
* Object: a list of name-value pairs (i.e., fields) { “Product_no”: “3424g”,
{"partno”: 461, “Product_Name”: “Book",
"description™: "Wrench" "Price":40 } ]
\ :
}

* Array: an ordered list of items
— [1, 2.5, "Hello", true, null]

The items in an array and the values in the fields of an object can be any JSON
values, arrays and objects.



Data Viewed as Graphs

A graph consists of a set of vertices V and edges E

* A generalization of the relational model and semi-structured model
Original intuition:

* Entities (objects) are represented as nodes

— Relationships are represented as edges
— Therefore, nodes and edges have associated types, and attributes

Many variations in circulation
— Kind of edges?
— Directed, undirected
— Where is data?
— Only on nodes, only on edges, on both
— Shape of graph?
— Arbitrary (has cycles), directed acyclic graph (DAG), tree



Two Schemes for Graph Modelling

Node-labeled scheme: nodes are

labeled with types (book, author,
title) and/or data (strings)

book

author
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Edge-labeled scheme: edges are

labeled with types (book, author, title)
and/or data (strings)

I
book
14

author
author aythor

v X
TR
“Abiteboul” ! "Suciu” !
i “Buneman” i “Data on the Web”
| 1 .
v v

\4



Nodes and Edges both Labeled with Data and Type

A combination of the node-labeled and edge-labeled schemes:

* both nodes and edges are labeled with types (book, author, title) and/or data
(strings)

 E.g., node labels: book, edge labels: author and title, data: “Abiteboul”,
“‘Buneman”, “Suciu”, and “Data on the Web”

l book
author i
m
O é ™ O

“Abiteboul” “Buneman” “Suciu” “Data on the Web”



Edge-Labeled Graph: RDF

* Edge-labeled graph (N, E, L) “Data on the Web”
— RDF triple: <subject, predicate, object>
— Knowledge graph
— Query language: SPARQL authorOf authorOf

authorOf

RDF triples: Buneman
< Abiteboul, authorOf, “Data on the Web”>
< Buneman, authorOf, “Data on the Web”>
< Suciu, authorOf, “Data on the Web”>




Node-Labeled Graph: Property Graph

Id: 100
Label: knows

e Property graph model (PGM) d:1 Since: 2010/10/01

— Represents data as a directed, attributed Type: Human _
Name: Alice < — Name: Bob

multi-graph. Age: 22
— Vertices and edges are rich objects with a set 2010/10/02
of labels and a set of key-value pairs, so- Id: 104
_ Label: hasMe
called properties, e.g., Type:Human
— Semantics of the directions is up to the

Id: 105
Label: memberOf

applications Since: 2017/01/01

— Cypher/openCypher, Gremlin, etc.
Type: Group

Name:
Football



Multi-Model Database Systems
“Rank (Apr2023) | DBMS | Supported DataModels

1. Oracle Relational, Document, Graph, RDF, Spatial

2. MySQL Relational, Document, Spatial

3. Microsoft SQL Server Relational, Document, Graph

4. PostgreSQL Relational, Document, Spatial

5. MongoDB Documents, Spatial, Time Series, Search Engine
6. Redis KV, Document, Graph, Spatial, TS, Search Engine
7. IBM Db2 Relational, Document, RDF, Spatial

8. Elasticsearch Search engine, Document, Spatial

9. SQLlite Relational

10 Microsoft Access Relational

By 2017, all leading operational DBMSs offer multiple data models, relational and NoSQL, in a single
DBMS platform. - Gartner report for operational databases 2016

The DB-Engines Ranking ranks DBMSs according to their popularity. The ranking is updated monthly.
= 8 Multi-Model DBMSs in top-10 (124 out of 414 in total)



Multi-Model Data and Query

Mary (1)
friend friend

"{" - > "34e5e759"
“2” - > "0c6df508"

!

{*Order_no”: "0c6df508",
"Orderlines": |
{“Product_no”: “2724f”,

William (3) JoI:n (2)

S "Product_Name”: "Toy",
Customer_ID Credi*_limits "Price”: 66 },
1 Ma 5,000 {"Product_no": "3424q9",
’) ] oh’ﬁ 3,000 "Product_Name": "Book",
"Price”. 40 } ]

3 William 2,000 )

Recommendation query Q: Return all products which are ordered by a
friend of a customer whose credit limit is over 3000!




Multi-Model Query in ArangoDB

ArangoDB is designed as a native multi-model database, supporting key/value,
document and graph models.

LET CustomerIDs =(
FOR Customer IN Customers
FILTER Customer.CreditLimit > 3000
RETURN Customer.id)
LET FriendIDs=(FOR CustomerID IN CustomerIDs
FOR Friend IN 1..1 OUTBOUND CustomerID Knows
RETURN Friend.id)

FOR Friend IN FriendIDs
FOR Order IN 1..1 OUTBOUND Friend Customer2QOrder
RETURN Order.orderlines[*].Product_no

Q: Return all products which are ordered by a friend of a customer whose credit
limit is over 3000!



MMQ in OrientDB

OrientDB

® Supporting graph, document, key/value and object models.
® It supports schema-less, schema-full and schema-mixed modes.

SELECT EXPAND(OUT(“Knows”).Orders.orderlines.Product_no)
FROM Customers
WHERE CreditLimit > 3000

Q: Return all products which are ordered by a friend of a customer whose credit
limit is over 3000!



Challenges

Challenges are two-fold:

* Designing a language to express multi-model data queries (MMQs)
— An MMQ is a mixture of the relational query, path query, graph pattern matching, etc.

* Cross-model query processing strategies
— The mediator-wrapper fashion in Polystores/Multistores
* Relies heavily on data exchange workflow and hence costly
— A holistic evaluation in MMDB systems

* In this tutorial, we focus on the techniques dealing with the relational and graph
data

* There is an emerging trend that a fusion of relational and graph database
techniques
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02 Multi-Model Queries

(20 minutes)

We will briefly present the multi-model queries and languages
= The relational query languages and their extensions
= The semi-structured query languages and their extensions

= The graph query languages and their extensions



Multi-Model Queries

A multi-model query (MMQ) may consist of the following types of fundamental
gueries

* Relational queries

* Graph pattern matching

e Path queries

* Aggregations

* Key-Value lookups

An MMQ is a mixture of the above types of queries by cross-model joins
- No commonly accepted definition yet.



Relational Queries

e SWEF syntax (SELECT-WHERE-FROM)

— Select, Projection, Join (SPJ)
— Conjunctive Queries (CQs)

* Aggregation

* Query languages:
— Relational algebra (RA)
— Relational calculus (RC)
—SQL

Conjunctive query (CQ) :
« Written in conjunctive form (without using Vv, v, —):
q(Xg,-X%n) = 3Y1.3Y5..3Yp (Ry(tyg, -ty o

AR(teqs - tm)
« Written in Datalog notation:

g(Xqs--Xn) = Ry(tygyeeatim), oo s Re(egs-rtem)



Formal Relational Query Languages

A query Language has equivalent expressive power with RA and RC is said to be
Relational Complete.

* Relational Algebra
— Select, Project, Union, Set different, Cartesian product, Rename

— More operational(procedural), and always used as an internal representation for query
evaluation plans

 Relational Calculus

— Tuple Relational Calculus: filtering variable ranges over tuples {T | Condition}
* Alpha: proposed by Codd in 1971; QUEL: INGRES 1975
e { T.name | Author(T) AND T.article = 'database’ }
— Domain Relational Calculus: the filtering variable uses the domain of attributes instead of
entire tuple values, {a,, a,, a3, ..., a, | P (ay, a,, as, ... ,a,)}
 {< article, page, subject > | € TutorialsPoint A subject = 'database'}



SQL(Structured Query Languages)

SQL is a standard language for querying and manipulating data
— RA and RC form the basis for “real” languages like SQL

SQL is a very high-level (or declarative) programming language
— This works because it is optimized well!

Many standards out there (vendors support various subsets):

— ANSI SQL, SQL92 (a.k.a. SQL2), SQL99 (a.k.a. SQL3), ....

Query syntax

— SWF syntax (SELECT-WHERE-FROM)

* Select, Projection, Join (SPJ)
— Aggregation
— Recursion (CTE)

NB: One the world’s most successful programming language



CQs and Relational Queries

Are CQ queries precisely the SELECT-DISTINCT-FROM-WHERE queries ?

A(X) :- ManagedBy(“Smith”,y), ManagedBy(x,y)

Relational Algebra:

SELECT DISTINCT m2.name

FROM ManagedBy m1, ManagedBy m2

WHERE m1.name="Smith” AND
ml.manager=m2.manager

* CQ correspond precisely to s¢, P,, x (missing: U, =)

1_I$2.name

— $1.manager = $2.manager

cyname=“Smith”

ManagedBYy ManagedBy

26



Graph Queries

Pioneered by academic work on CQ extensions for graphs (in the 90’s)
e Graph pattern

— Small subgraph of interests

— Can be also defined as conjunctive queries over the relational representation of graph data
— (x, hasWon, Nobel), (x, hasWon, Booker)

* Path query for navigating along connected edges

—X, citizenOf | ((bornin | livesin) locatedIn®), y
 Variables for manipulating data found during navigation
» Aggregation of data encountered during navigation

— support for bag semantics as prerequisite



Graph Patterns

Graph pattern:
 V={x, v, z, ...}, Alphabet Z = {friend} °

« {(x, friend, y), (y, friend, z), (z, friend, x), (y, friend, x), (z, friend, y), friend friend
(x, friend, y)}

e E.g, in a social network one can match the pattern to look for a  friend Q
clique of three individuals that are all friends with each other

Semantics:
* The semantics of patterns is given using the notion of matching.

* A match of a pattern P=(V,, E;) over a graph (V, E;) is a mapping 1t from variables to constants.
* Semantics vary according to the mapping functions, such as homomorphism or isomorphism.



Graph Patterns as Relational Queries

e Given an alphabet 2, we define o(2) as the relational schema that consists of one
binary predicate symbol E_, for each symbol a € 2.

* Each graph database G=(V, E) can be represented as a relational instance D(G)
over o(2)

— The database D(G) consist of all facts of the form Ea(v, v’) such that (v, a, V') is an edge in G (we
assume that D includes all the nodes in V)

— CQ Q(x) =3y ¢(x, y), xand y are tuples of variables and ¢(x, y) is a conjunction of relational
atoms from o that use variables from x to y.

— E.e,, Q(x, v, z) = friend(x,y), friend(y,x), friend (x,z), friend(z, x), friend(y,z), friend(z,y)



Path Queries

* Express reachability via constrained paths

* Introduced initially in academic research in early 90s
— StruQL (AT&T Research, Fernandez, Halevy, Suciu)
— WebSQL (Mendelzon, Mihaila, Milo)
— Lorel (Widom et al)

* Today supported by languages of commercial systems
— XPath/XQuery, SQL++,
— Cypher, SparQL, Gremlin, GSQL



Path Query Syntax

Various notations to express path queries
* Dot notation, e.g., SQL++, N1QL
* Axes notation, e.g., XPath/XQuery

Adopting here that of SparQL W3C Recommendation.

Path expressions —>

path*(min, max) // at least min, at most max
(path)

Edge label

| _ // wildcard, any edge label
| A edge label // inverse edge

| path . path // concatenation

| path | path // alternation

| path* // 0 or more reps

|

|



Path Expression Examples

Pairs of customer and product they bought:
Bought

Pairs of customer and product they were involved with (bought or reviewed)
Bought|Reviewed

Pairs of customers who bought same product (lists customers with themselves)
Bought.ABought

Pairs of customers involved with same product (like-minded)
(Bought|Reviewed).(*Bought | *Reviewed)

Pairs of customers connected via a chain of like-minded customer pairs
((Bought| Reviewed).(*Bought|*Reviewed))*

Bounded-length traversal
friendOf*(1,3)



Regular Path Queries (RPQ)

The path query can be defined with various grammars, the most widely adopted
one is RPQ:
 RQP(x, y) :=(x, R, y), where R is a regular expression over the vocabulary of edge labels

* the semantics is defined in terms of sets of node pairs (x, y), where there exists a path in G from x
to y whose concatenated labels spell out a word in L(PE)

* L(PE) =language accepted by PE when seen as regular expression over alphabet of edge labels

Construction of regular expressions:
e R::=s | R.R|(R|IR) | (R) | R? | R* | R+ // s element from S

Examples:
* Ancestors: isChildOf+
* Cousins: isChildOf, isChildOf, hasChild, hasChild
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Conjunctive Regular Path Queries

RQPs can be further extended to Conjunctive Regular Path Queries (CRPQs)

* Replace relational atoms appearing in CQs with path expressions.
* Explicitly introduce variables binding to source and target nodes of path expressions.

* Examples:
— Pairs of customers who have bought same product (do not list a customer with herself):
Q1(c1,c2) :- c1 -Bought.ABought-> c2, c1 != c2
— Customers who have bought and also reviewed a product:
Q2(c) :- c —Bought-> p, c —Reviewed-> p

ANS(x,y) := (x, hasWon, Nobel), (x, hasWon, Booker), (x, (citizenOf | ((bornin |

livesin) locatedIn*)), y)



a
b

RPQ Examples

C: a
d>

d C

a

»
»

RPQ = a+(d|c)be
acbe: (2,4), (4,5), (5,7), (7,9)
aacbe: (1,2), (2,4), (4,5), (5,7), (7,9)

Pattern: (x, a,y), (v, &, 2), (z, ?, x)
« triangle: (7,8), (8,5), (5,7)

CRPQ: (x, a, y), (y, e, z), (z, ?c+(d|b), x)
cycle: (7,8), (8,5), (5,7)
cycle: (7,8), (8,5), (5,4), (4,7)
cycle: (7,8), (8,5), (5,4), (4,6), (6,7)
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Case Study 1: SQL++

« SQL++ : A Backwards-Compatible SQL , which can access a SQL extension with
nested and semi-structured data

* Queries exhibit XQuery and OQL abilities, yet backwards compatible with SQL-92

» Supports relation and JSON

e Simpler than XML and the XQuery data model
o Unlike labeled trees (the favorite XML abstraction of XPath and XQuery research)
makes the distinction between tuple constructor and list/array/bag constructor

SQL++: http://arxiv.org/abs/1405.3631
http://db.ucsd.edu/wp-content/uploads/pdfs/375.pdf



http://arxiv.org/abs/1405.3631
http://db.ucsd.edu/wp-content/uploads/pdfs/375.pdf

SQL++ Data Model

Can think of as extension of SQL

* Extend with arrays + nesting + heterogeneity by

following JSON’s notation

{ | Heterogeneous tuplesin collections
'location': 'Alpine’,

‘readings’: |

{

Array nested inside a tuple

'time': timestamp('2014-03-12T720:00:00'),
'‘ozone': 0.035,
'no2': 0.0050

}I
{

'‘ozone': 'm’,
'‘co': 0.4
1]

'time": timestaﬁ{ﬂtﬁrﬂg@@@ﬁ?%:(acoaf,ray' bay

7 tuple

Can also think of as extension of JSON
* Use single quotes for literals
* Extended with bags and enriched types

{
jocation': '‘Alpine’,

'readings': {{
{

Bags {{ ... }}

'time': timestamp('2014-03-12T720:00:00'),
'‘ozone': 0.035,

'no2": 0.0050 Enriched types
7
{
'time': timestamp('2014-03-12T22:00:00'),
'ozone': 'm’,
'co: 0.4
31
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SQL++ Query Syntax

BNF Grammar for SQL++ queries SQL++ QUERY | > | SFW QUERY
| EXPRESSION_QUERY

* Semi-structured query SFW_QUERY -  SELECT [DISTINCT] | [FROM] | [WHERE]
. SFW query: | [GROUP BY] | [HAVING]
| [ORDER BY] | [LIMIT] | [OFFSET]

e SELECT-FROM-WHERE (SFW) _
EXPRESSION -  OperatorExpression

 Complex: tuple, collection or map | QuantifiedExpression
«  Expression query: Operator -  PathExpression |
Expression | Operator OperatorExpression
* Operator expressions | OperatorExpression Operator
_ (OperatorExpression)?
* Path expression |OperatorExpression <BETWEEN>

OperatorExpression <AND>
OperatorExpression



Path Navigation in SQL++

Two types path navigations:
1. Tuple path navigation t.a from the tuple t to its attribute a returns the value of a
2. Array path navigation a|i] returns the i-th element of the array a

<r:{ ci: 1.2, no: [0.5, 2] }>

@tuple _nav {absent: missing, type mismatch: null}
@array_nav {absent: missing, type mismatch: null}

([r.co, r.so, 7.co, r.no[1], r.no[3], r.co[1]])




Backwards Compatibility with SQL

Find sensors that recorded a temperature below 50:

readings : {{
{sid: 2, temp: 70.1}, {{ |
{sid: 2, temp: 49.2 }, {sid:2}
{sid: 1, temp: null } 1

H SELECT DISTINCT r.sid

FROM readings AS r
WHERE rtemp <50

sid temp

2 70.1 sid

2 49.2 7

null




Case Study 2: ArangoDB Query Language (AQL)

A native multi-model DBMS that supports

Graph
Key-value
Json

Doing queries with AQL

Data retrieval with filtering, sorting and more
Simple graph queries

Traversing through a graph with different options
Shortest path queries

database
table
row
column

table joins
primary key

index

database
collection
document
attribute
collection joins

primary key (automatically present
on _key attribute)

index



AQL gquery syntax

Query syntax (FOR-FILTER-RETUREN)

Selecting all rows / documents from a table /
collection, with all columns / attributes
Filtering rows / documents from a table /
collection, with projection

Sorting rows / documents from a table / collection

FOR user IN users
RETURN user

FOR user IN users
FILTER user.active ==
RETURN {
name: CONCAT (user.firstName, " ",
user.lastName),
gender: user.gender

}

FOR user IN users
FILTER user.active ==
SORT user.name, user.gender
RETURN user



AQL JOINS

ArangoDB has its own implementation of JOINS.

* Inner join can be expressed easily in AQL by FOR user IN users
nesting FOR loops and using FILTER LET friends = (
statements: FOR friend IN friends

FILTER friend.user == user._key

FOR user IN users RETURN friend

FOR friend IN friends )
FILTER friend.user == user._key FOR friendToJoin IN (

RETURN MERGE(user, friend) LENGTH(friends) > 0 ? friends :[ { } ]

* . %
* Outer join are not directly supported in AQL, /* no match exists */

but can be implemented using subqueries:

)
RETURN { user: user, friend: friend }



AQL Graph Traversal

Traverse to the parents

Traverse to the children

Traverse to the
grandchildren

Traverse with variable depth

NB: This FOR loop doesn’t iterate over a
collection or an array, it walks the graph and
iterates over the connected vertices it finds,
with the vertex document assigned to a
variable (here: v).

FOR v IN 1..1 OUTBOUND “Characters/2901776"
ChildOf
RETURN v.name

FOR c IN Characters FILTER c.name == "Ned"
FOR VIN 1..1 INBOUND c ChildOf
RETURN v.name

FOR c IN Characters FILTER c.name == "Tywin"
FOR v IN 2..2 INBOUND c ChildOf
RETURN v.name

FOR c IN Characters FILTER c.name == "Joffrey"
FOR Vv IN 1..2 OUTBOUND c ChildOf
RETURN DISTINCT v.name



Case Study 3: OrientDB Query Language (OrientQL)

OrientDB is a Multi-Model Database {“@rid”: “12:382”,

* Document, Graph, Spatial, FullText “@class”: “Customer”,

* Tables -> Classes “name”: “Frank”,

* Extended SQL “surname” : “Raggio”,

“phone” : “+358 0402678479”,

* Each element (vertex and edge) is a JSON document “details”: {“city”:”London*,

* Each element in the Graph has own immutable “tags”:”millennial” }
Record ID, such as #13:55, #22:11 }

* Connections use persistent pointers

Data models #22:11
Lives_in

#12:382 Since: 2003
Frank in = #13:55

d
(Vertex) (Edge) (Vertex)



OrientQL

OrientDB supports SQL as a query language with some differences:

SELECT city, sum(salary) AS salary
FROM Employee

GROUP BY city

HAVING salary > 1000

Q: Get all the outgoing vertices connected with edges with label (class) “Eats” and
"Favourited" from all the Restaurant vertices in Rome

SELECT out('Eats', 'Favorited')
FROM Restaurant
WHERE city = 'Rome'



OrientQL Graph Traversal

SELECT expand( out() ) #12:468
FROM #12:468

Shampoo

#15:49602

Lives_in

SELECT expand( out() )
FROM Customer
WHERE name = ‘Green’ #15:4334 #15:19345

This uses an index to retrieve the starting vertex
(#12:468) vertex



OrientQL: Graph Traversal

SELECT expand( out().out() )
FROM #12:468

#12:468

SELECT expand( in().in() )
FROM #15:49602

SELECT expand( out().out() ) Lives in
FROM Customer -
WHERE name = ‘Green’

#15:49602

#15:4334 #15:19345
SELECT expand( in().in() )

FROM Product
WHERE name = ‘White Soap’




OrientDB Graph Traversal and Pattern Matching

Traversal

In a social network-like domain, a
user profile is connected to friends
through links.

« TRAVERSE out("Friend")

« FROM #10:1234 WHILE Sdepth <=3

- STRATEGY BREADTH_FIRST

Pattern Matching

MATCH {class: Person, WHERE: (name = ‘Abel’), AS: me}
-friendOf->{}-friendOf>{AS: foaf},
{AS: me}-friendOf->{AS: foaf}

RETURN me.name AS myName, foaf.name AS foafName

friendOf

friendOf




Case Study 4: AgensGraph Query Language (AgensQL)

A forked project of PostgreSQL (v9.6.2) supports
* Relational data, property graph, and JSON documents
Integrated querying using SQL (Relational data) and Cypher (Graph data)

Extended property graph model

Data objects s50N
— Graph {JSON { : }
— Vertex and edge
— Each vertex and edge can have a JSON document as its property
Label hierarchy

— Vertexes and edges can be grouped into labels (e.g. person, student, teacher, ...)
— Labels are organized as a hierarchy



RPQ with AgensGraph

RPQ can be written as Variable-length Edge (VLE) Query

* Can be implemented using recursive common table expression (CTE) in SQL
e But CTE is inefficient for VLE query

— Using CTE is BFS (Breadth First Search)-style processing
— BFS processing needs to buffer intermediate results

VLE with Cypher: RETURN x, y;

06O

MATCH (x)-[*1..5]->(y)

MATCH p=(x)-[:Parent*]->(y)
RETURN (x), (y), length(p)
ORDER BY (y), (x),length(p)
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03 Join and Subgraph Matching

We will discuss different types of join algorithms, including:
= Binary joins
= Worst-case optimal joins

» Subgraph matching algorithms



Binary Joins

e Consider R(A, B) xa S(B, C) < T(A, C)
— Traditional database systems are typically only able to join two tables at once

— Pick your two favorite tables and join them to get an intermediate relation, then join that
with another table, and so on (until we get a single table)

— This join process can be represented by a join tree

O Many commercial RDBMSs and GDBMSs adopt
binary joins

O It is suboptimal when dealing with queries involving
complex “cyclic joins” over many-to-many

relationships, since the intermediate results might
be unnecessarily large

Adapted from Justin Jaffray, A Gentle(-ish) Introduction to Worst-Case Optimal Joins (https://justinjaffray.com/a-gentle-ish-introduction-to-worst-case-
optimal-joins/?try=2)



Joins are Secretly Graph Processing Algorithms

e Consider R(A, B) < S(B, C)

— Represent these tables as a graph, where each named column corresponds to a typed set
of vertices

— |If you enumerate all the paths that start from a vertex in a, go to a vertex in b, and wind
up on a vertex in c, you’ll find that set of such paths is precisely the join results (structure
finding in graph)

R a b c

= W=
Wl o

o O O,

’ O ) (&)
()

()

wWlwlirn|Nn| o
~Nlo|un|k|o

Adapted from Justin Jaffray, A Gentle(-ish) Introduction to Worst-Case Optimal Joins (https://justinjaffray.com/a-gentle-ish-introduction-to-worst-case-
optimal-joins/?try=2)



Worst-Case Optimal (WCO) Joins

Let us consider the triangle counting problem in a graph G

Representing the graph as a table g(from, to)
And join the table with itself twice (equivalent to R(A, B) & S(B, C) 1 T(A, C))

SELECT

gl.f AS a, gl.t AS b, g2.t AS ¢
FROM

g AS g1, g AS g2, g AS g3
WHERE

gl.t = g2.f AND g2.t = g3.t AND gl.f = g3.f;

It turns out that a graph with O(n) edges will have no more than O(n!~) triangles in it

For binary joins, there are graphs where that first intermediate join
will always have O(n?) rows in it, no matter which two tables we choose to join first.

Adapted from Justin Jaffray, A Gentle(-ish) Introduction to Worst-Case Optimal Joins (https://justinjaffray.com/a-gentle-ish-introduction-to-worst-case-
optimal-joins/?try=2)



Worst-Case Optimal (WCO) Joins

e Let us reconsider R(A, B) »a S(B, C) > T(A, C)
* Column-at-a-time “Worst-case Optimal” Join Algorithms The query graph

— Instead of picking a join order for tables, we pick a column order and perform the join
column at a time

— Step 1: Find all a’s. Here we will just take all nodes as possible a values.

— Step 2: For each a value, e.g., a=1, we extend it to find all ab’s that can be part of
triangles: Here we use the forward index to look up all b values for node with ID 1. This
will generate the second intermediate relation.

— Step 3: For each ab value, e.g., the tuple (a=1 b=0), we will intersect all ¢’s with a=1, and
all c’s with b=0 (k-way intersections). That is, we will intersect the backward adjacency
list of the node with ID 1, and forward adjacency list of the node with ID O. If the
intersection is non-empty, we produce some triangles.

Adapted from Justin Jaffray, A Gentle(-ish) Introduction to Worst-Case Optimal Joins (https://justinjaffray.com/a-gentle-ish-introduction-to-worst-case-
optimal-joins/?try=2), and Semih Salihoglu, Why (Graph) DBMSs Need New Join Algorithms: The Story of Worst-case Optimal Join Algorithms
(https://kuzudb.com/blog/wcoj.html)



https://justinjaffray.com/a-gentle-ish-introduction-to-worst-case-optimal-joins/?try=2

Worst-Case Optimal (WCO) Joins

* Let us reconsider R(A, B) > S(B, C) = T(A, C)
* Column-at-a-time “Worst-case Optimal” Join Algorithms The query graph

— Instead of picking a join order for tables, we pick a column order and perform the join
column at a time

4 )
Worst-case optimal:

- Let IN denote the input size of the query Q
- The computational cost is IN°®, where p* is the fractional edge
cover number of Q (the AGM bound)

- For the above query, the cost is O(N!-)
\_ J

Adapted from Justin Jaffray, A Gentle(-ish) Introduction to Worst-Case Optimal Joins (https://justinjaffray.com/a-gentle-ish-introduction-to-worst-case-
optimal-joins/?try=2), and Semih Salihoglu, Why (Graph) DBMSs Need New Join Algorithms: The Story of Worst-case Optimal Join Algorithms
(https://kuzudb.com/blog/wcoj.html)



https://justinjaffray.com/a-gentle-ish-introduction-to-worst-case-optimal-joins/?try=2

Subgraph Matching

e Subgraph Isomorphism: Given a query () and a data graph G, Q is subgraph isomorphism
to G, if and only if there exists an injective function f: V(Q) — V(G), such that

—-YueV(@),f(u) eV(g),Ly(u) = LV(g(u)), where V(Q) and V(G) denotes all
vertices in Q and G, respectively; and L, (-) denotes the corresponding vertex label.

—Vugu; € E(Q), f(u1)f (uz) € E(G), Lg(uguz) = LE(f(ul)f(uz))




Subgraph Matching

e Subgraph Isomorphism: Given a query () and a data graph G, Q is subgraph isomorphism
to G, if and only if there exists an injective function f: V(Q) — V(G), such that

—-YueV(@),f(u) eV(g),Ly(u) = LV(g(u)), where V(Q) and V(G) denotes all

ﬁMMdL@MUA@@MM&D&MMDMM&M&ReL

e Subgraph Isomorphism Testing is NP-complete
 Decide whether there is a subgraph of G that is isomorphic to Q
* Enumerating all subgraph isomorphic embeddings is NP-hard

e Many techniques have been developed for efficient enumeration in
practice

. J

+(J
G




Subgraph Matching — Ullman Algorithm

* Given two graphs Q and G, their corresponding matrices are MA,,«,, and MB,,« -
* Goal: 1) Find matrix M', s, such that Mc=m{(M’ - MB)T vi,j, MA[i][j] =1 - MCI[i][j] = 1
2) or report no such matrix M'.

1 2 3 1 2 3 4 4 ! 3
1 2 3 4 ——
(o 1 1 1fo 1 1 0 i le o0 o 1 4 0 1 1
2 1 0 0 2 1 0 1 1 210 1 0 0 2 1 0 |
3 0o o CI D I 0 0o 1 0
M’ 3 I | 0
MA 4 0 1 1 0
MB MC = M (M 's MBY
MA: the adjacency matrix of query Q 1) Mi][j] = 1 means that the i-th vertex in Q
MB: the adjacency matrix of graph G corresponds to j-th vertex in query G;
M’: the matching matrix, which specifies the 2) Each row in M’ contains exactly one 1;
isomorphism from Q to a subgraph of G if it exists. 3) No column contains more than one 1.

(M’ specifies an subgraph isomorphism from Q to G.)

Julian R. Ulimann: An Algorithm for Subgraph Isomorphism. J. ACM 23(1): 31-42 (1976)



Subgraph Matching — Ullman Algorithm

e Step 1. Set up matrix M,,«,,,, such that M [i][j]=1, if 1) the i-th vertex in Q has the same label as the j-th
vertex in G; and 2) the i-th vertex in Q has smaller vertex degree than the j-th vertex in G.

» Step 2. Matrices M' are generated by systematically changing to 0 all but one of the 1’s in each of the rows
of M, subject to the definitory condition that no column of a matrix M’ may contain more than one 1 (the
maximal depth is [MA]).

* Step 3. Verify matrix M’ by the following equation: 10 0 1 10 0 O
o1 0 o0 01 0 O

MC=M{M’- MB)" 0010 00 10

vi,j MAli]lj] =1 - MCli][j] =1 10 0 0O 100 0

* |terate the above steps and enumerate all possible matrixesM’. 0 1 0 0 - 0 1 0 O
O 0 1 O 00 1 0

Julian R. Ulimann: An Algorithm for Subgraph Isomorphism. J. ACM 23(1): 31-42 (1976)



Subgraph Matching — Ullman Algorithm

e Step 1. Set up matrix M,,«,,,, such that M [i][j]=1, if 1) the i-th vertex in Q has the same label as the j-th
vertex in G; and 2) the i-th vertex in Q has smaller vertex degree than the j-th vertex in G.

» Step 2. Matrices M' are generated by systematically changing to 0 all but one of the 1’s in each of the rows
of M, subject to the definitory condition that no column of a matrix M’ may contain more than one 1 (the

maximal depth is [IMA)).
4 )

* Neighborhood Connection Pruning
 Let the i-th vertex v in Q corresponds to the j-th vertex u in G. Each neighbor
vertex of v in Q must correspond to some neighbor vertex of u in G.

. Otherwise, v cannot correspond to u.

\ J

Julian R. Ulimann: An Algorithm for Subgraph Isomorphism. J. ACM 23(1): 31-42 (1976)



Subgraph Matching — VF2 Algorithm

e Considering two graph Q and G, the (sub)graph isomorphism from Q to G is expressed as
the set of pairs (n, m) (withn € Qand m € G )

* Let s be an intermediate state. Actually, s denotes a partial mapping from Q to G, namely,
a mapping from a subgraph of Q to a subgraph of ¢G. These two subgraphs are denoted as
Q(s) and G(s), respectively.

* All neighbor vertices to Q(s) in graph Q are denoted as NQ(s) , and all neighbor vertices
to G(s) in graph G are denoted as NG(s). Candidate pair sets are a subset of NQ(s) X
NG (s). Apply structural feasibility rules to prune unpromising candidate pairs.

— E.g., neighbor connection
F(s,nnm)=F, ...(S.n,m)AF,.,(s,n,m)
F(s,n,m) < (Vn'e (V,(s) N N,(n,Q)))
3Im’ e (V,(5) "N, (m, G))

Luigi P. Cordella, Pasquale Foggia, Carlo Sansone, Mario Vento: A (Sub)Graph Isomorphism Algorithm for Matching Large Graphs. IEEE Trans.
Pattern Anal. Mach. Intell. 26(10): 1367-1372 (2004)

abe

N;(n, @): The neighbors of vertex n in graph Q;
N, (m, G): The neighbors of vertex m in graph G;



Subgraph Matching — Multi-Way Join

* Recall that a subgraph query Q is equivalent to a multiway self-join query over edge tables
* Worst-case optimal join

Us
— 2 Candidate Set C(u,)
U,
N\(v2) N (v3) 2 N2 )NN(w3)NC(uy) = {vy, v}
Va
| I —
Its running time complexity is O(N*>), | i v, v
matching the worst case output size. Vi v v
A v, - <«

set intersection

A. ATSERIAS, M. GROHE and D. MARX, “Size bounds and query plans for relational joins,” FOCS 2008.



Subgraph Matching

* A Summary of representative subgraph matching algorithms

Methodology Algorithms and Systems
Sequential Parallel
Backtracking Search Ullman, VF2, QuickSI, PGX, PSM, STwig
GADDI,

SPath, GraphQL, TurbolSO,
BoostISO, CFL, SGMatch,

CECI, DP-iso
Multi-way Pair-wise PostgreSQL, MonetDB, GpSM, GSI
Join Join Neo4)
Worst-Case LogicalBlox, gStore EmptyHeaded, GraphFlow

Optimal Join



Equivalence between Join and Subgraph Matching

* We have discussed the equivalence in previous slides...

* The equivalence has been observed in a bunch of studies...

— ...by using the standard relational algebra, a graph traversal has to be represented as a
sequence of joins. [EDBT/ICDT 2016 Workshops]

— ...we discuss the alternative approach of using graph exploration, instead of substructure joins,
to answer subgraph matching queries. [VLDB 2012]

— The execution process of join operations can be considered as explorations over links in an
entity-relationship graph. [VLDB 2016]

— ...subgraph matching is equivalent to multi-way joins between base Vertex and base Edge
tables on ID attributes. [SIGMOD-GRADES&NDA 2021]

— ...a subgraph query Q is equivalent to a multi-way self-join query that contains one E(ai,aj ) (for
Edge) relation for each ai—>aj € Ej. [VLDB 2019]
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04 Fusion of Query Processing Techniques

» Relational database techniques for graph queries

= Graph techniques for relational queries



Motivation of RDBMSs Supporting Graph Processing

Graph processing (e.g., various analytics) is getting increasingly popular!
— Social networks, transportation networks, ad networks, e-commerce, web search, ...

In many real-world scenarios, data is collected and stored in a relational database

— Using specialized graph engines -> First need to dump data from RDBMSs with pre- and post-
processing

Limited capacity of specialized graph processing systems compared to RDBMSs
— Transactions, checkpointing and recovery, fault tolerance, durability, integrity constraints
“Relational” vs “graph” distinction is blurry

— Most structured data can be modeled as relations or graph

Advances of relational data analytics

— E.g., column-oriented databases



The World of Graph Databases from An Industry Perspective

* Two different types of graph workloads
—Graph queries/Graph OLTP

* Low-latency graph traversal and pattern matching; typically only touch small
local regions of a graph

* E.g., 2-hop neighbors, single-pair shortest path
—Graph algorithms/Graph OLAP/Graph analytics

* Typically iterative, long running processing on the entire graph
e Graph ML, e.g., Graph Neural Networks (GNNs)

Tian, Yuanyuan. "The World of Graph Databases from An Industry Perspective." ACM SIGMOD Record 51.4 (2023): 60-67.



The World of Graph Databases from An Industry Perspective

 Two prominent graph models

—RDF Model (W3C standard)
» Directed edge-labeled graph, represented by the subject—predicate—object (s, p, o) triples

— Property Graph Model

* Vertex and edge can have arbitrary number of properties and can also be tagged with labels

Properties: Properties:
64572326 ID= 198076 ID = 64572326
name = “Alice Brown” name = “Type 2 diabetes”

C 198076 ) 03/24/2020
hasID engenson ash s Oﬁabel: diagnosedWith Label: disease
 ratient 1 - - D Properties:
Isease : e ”
— diagnosedWit time = “03/24/2020 o

name = “Diabetes”

isa
Disease 2 ID = 64572345 Label: disease
hasName

(a) RDF Model (b) Property Graph Model




The World of Graph Databases from An Industry Perspective

* Query languages for graph OLTP
—RDF Model: SPARQL

—Property graphs: Tinkerpop Gremlin, Cypher/openCypher (Neo4j), PGQL
(Oracle), GSQL (TigerGraph), G-Core (LDBC), GQL (ISO/IEC)

—Imperative vs. declarative: Gremlin is the only imperative query language
—Turing complete? (Gremlin, GSQL)

* Query languages for graph OLAP
—No standard language or API

— Most vendors support Pregel-like API
— A library of build-in graph algorithms is acceptable



The World of Graph Databases from An Industry Perspective

* Graph Databases

Graph OLTP

Deployment Query Visuallzation i Graph OLAP Scale-Out
Transaction
Language tools

>0 On-prem / AWS, GSQL, 23 built-in

8 'g TigerGraph Azure, GCP PG GsaL Graph Studio ACID algorithins Yes
@©

N el -

Q c Pregel API, 48 built-in

@© On-prem / AWS, Non-repeatable " . :
o)

& 8 Neo4) Azure, GCP PG Cypher Studio reads may occur algorithms (including Yes

Graph ML)

Data
Companies

Enterprise
Cloud Companies
!




The World of Graph Databases from An Industry Perspective

* Graph database solution space
— Native graph DB vs. hybrid graph DB
—Graph-only DB vs converged (i.e., multi-model) DB
» Advantages of native/graph-only DB: efficiency, Graph OLAP, ...

» Advantages of hybrid/converged DB come from the backend data store
(transactions, access control, high availability, disaster recovery, ...)

Graph-only DB Converged DB (Multi Model)




The World of Graph Databases from An Industry Perspective

* Graph benchmarks
—No standard benchmarks like TPC-C/H/DS
—Linked Data Benchmark Council (LDBC), e.g., SNB
—Linkbench from Facebook
—Graph500
—Open Graph Benchmark (OGB) for graph ML



Overview of Relational Database Techniques for Graph
Processing

* Allow users to think in terms of a graph with an (unmodified) relational database

— E.g., with the vertex-centric programming interface

e Support graph analytic processing by SQL and relational algebra

* Improve graph queries (i.e., subgraph matching) via more efficient join algorithms
(e.g., worst-case optimal join)



Vertex-Centric Graph Processing

Popular for graph analytics

Thinking like a vertex: processing logic applies on a vertex level and communicate
via message passing

— Programmer only specifies a vertex program GAS Decomposition

£ s Y ™ B

Gather (Reduce) Apply Scatter

Accumulate information Apply the accumulated Update adjacent edges
about neighborhood value to center vertex and vertices.

— System takes care of running it in parallel

e Bulk Synchronous Parallel (BSP) model

° Gather-Apply_Scatter (GAS) model UserDefined:mfm User Defined: User Definedr:hw
» Gather(@—@) > » Apply(). 2) > @ | | » Scatter(0-@) > —
P2, P2, -2 2, . 2 :

|
Superstep 0

BSP Model

|
Superstep 1

A }

Parallel
Sum

~

I+I+ ok I}E/

Update Edge Data &
Activate Neighbors

.

>

GAS Model



Vertex-Centric Graph Processing

* Vertex-centric BSP computation of the Single-Source Shortest Path (SSSP) algorithm:
— Source node: 1




Grail: The Case Against Specialized Graph Analytics Engines [CIDR 2015}

* Motivation: Is graph processing that different from other types of data processing?

— Answer: No. Can be subsumed by “traditional” relational processing

* Vertex-centric programming adopted by specialized graph engines

Bulk Synchronous Parallel (BSP) Gather-Apply-Scatter (GAS)
(e.qg., Giraph) (e.g., GraphLab)

Vertex Centric:
do { eN o

foreach vertex in the graph {

receive_messages(); 1. Gather values (from neighbors)

mutate_vertex_value();
if (send_to_neighbors()) {
send_messages_to_neighbors();

2. Apply updates to local state

3. Scatter signals to your neighbors

}

b
} until (has_converged() || reached_1imit())

Fan, Jing, Adalbert Gerald Soosai Raj, and Jignesh M. Patel. "The Case Against Specialized Graph Analytics Engines." CIDR. 2015.



Grail: The Case Against Specialized Graph Analytics Engines [CIDR 2015]
- Schema Definitions

» Basic idea: Build a similar vertex-centric simple APl and then map it to SQL (with
good performance)

* An example of the single-source shortest path algorithm:

O,
:@ A O A O A O
2 3 e HEE 5B 1 (B |1
\6 'g B o q':, g c
C = C 2 C 2
Input Graph = C
D D o D D 3
Permanent:
- edge(src, dst, data, val) g i o
. Q
- vertex(id, data, val) , A B 1 § B 1 § D 3 %
Intermediate: WA oCc 2 S C 2 £ D 5 £
- next(id, val) “5 p o
- cur(id, val) C D 3 Iteration 1 Iteration 2 Iteration 3

- message(id, val)



Grail: The Case Against Specialized Graph Analytics Engines [CIDR 2015]
- From Grail API to SQL

* An example of the single-source shortest path algorithm:

1| DECLARE @flag int;
2| SET @flag = 1;
3| SELECT vertex.id, 2147483647 AS val m
“, P 41 INTO next
\ . - 5| FROM vertex;
T h e G ra I I A P I 6| CREATE TABLE message(
S — 7| idint, ..
= = | e Initialize the message table
1 vertexvaIType' INT 10| INSERT INTO message values(1,0);
2 MessageValType: INT 11| WHILE (@flag 1= 0)
) 12| BeGIN
' . 13 SELECT message.id AS id, MIN(message.val) AS val
3 InitiateVal : INT_MAX O }g ::l\é'gomcrl;ressage Aggregate the messages
4 InitiaIMessage : (1, 0) 8 16|  GROUP BY message.id;
N 17 DROP TABLE message;
5 CombineMessage: MIN(message) —
= |18]  SELECT curid ASid, curval AS vl Create an update table and
6 UpdatEAndsend- update—cur.va|<getVa|0 82(1) CVR}-?ENQEL:;Z:?L i AND curual < et Only consider updated vertices
7 if (update) { I; 22|  UPDATE next
24 SET next.val = update.val
8 setVal(cur.val) 22| FroM update, nxt Update the next table
25 WHERE next.id = update.id;
9 send(out, cur.val+1) 26|  SELECT edge.dest AS id, update.val + 1 AS val
2O Generate the message table
10 } 25|  WHERE edge.sre = update.ic; for the next iteration
11 End: NO_MESSAGE 30| DROP TABLE cur;
31|  DROP TABLE update;
Igg _ SELECT @flag = COUNT(") FROM message: Stop when there are no new messages




Grail: The Case Against Specialized Graph Analytics Engines [CIDR 2015]
- The Role of Relational Algebra

* Vertex-centric operators -> relational algebra -> SQL

Vertex Centric Relational Algebra

Receive messages CUr <— ;a1 (val) (MeESSQGE)

i |

Mutate value / next +— Tneat.id,Fy (other.val)OtRET D<ig Mext

y

Send messages other Xyther.id=edge.A €dge

Tedge. B, Fs(other.val edge.val

Aggregate function| Scalar computation | Scalar computation Join attributes
(can be a UDAF) (can be a UDF) (can be a UDF) |control the direction

identity Outgoing edges

min

For single source
shortest path



Grail: The Case Against Specialized Graph Analytics Engines [CIDR 2015]
- The Role of Relational Algebra

* Vertex-centric operators -> relational algebra -> SQL
Listing 2: Relational Algebra for SSSP in Grail

CUT <= Yid, MIN (val) (message)
ulﬂdate — Teur.id,cur.val

(CU*T Pleur.id=next.id AND cur.val<nezt.val ?LELI.'t)

u
next «— ﬁ?lemt.id,update.L'aiupdate Dd;q next
message < Tedge.dest,update.val+edge.val

(U’pdﬂ'tﬂ D{]Tlpdﬂfﬁ.'!I.d:ffdyﬁ..“i]"(: Edgﬁ) _ ‘—‘ ’7
A O A O A O
o o B =« o B 1 o B 1
T B = s | c s
> . = C C 2 C |2
D o D D D 3
| & \ & %
A B 1 v B 1 @“w D 3 a
o A C | 2 € C 2 € D b5 S
B D 2
C D 3 Iteration 1 Iteration 2 Iteration 3




Grail: The Case Against Specialized Graph Analytics Engines [CIDR 2015]
- Implementation and Performance

Implementation: * Queries Dataset #nodes #edges  size
p ] — Single-source shortest web-google (GO) oK 5M 71MB
Query Results path (SSSP) com-Orkut (OR) 3V 117M 1.6GB
v A — PageRank Twitter-10 (TW)  41.6M  1.5B 24GB
_— ’ — Weakly connected uk-2007-05 (UK) 100M  3.3B 56GB
| ) components (WCC)
e Translator _
Gra" v . 800 5 N
\ : y S 600 B Giraph 3
SQL Querlesl i ® Graphlab (sync)
£ 500
o GraphLab (async)
£ 200
= 300 —
=
£ 200 .
S 100 o3 =N g8 50 g e
G LN 2 2 2 2%

GO (71MB) OR (1.6GB) TW (24GB) UK (56GB)



Graph Analytics using Vertica [VLDB 2014, BigData 2015]

* Vertex-centric processing -> query execution plan (e.g., Giraph)
e ->|ogical query plan -> query optimization -> SQL on standard relational databases

public void compute( Iterable <IntWritable> messages) {

// get the minimum distance
if (getSuperstep () ==0)

setValue (new DoubleWritable(Integer . MAX_VALUE));
int minDist = isSource () ? 0 : Integer MAX_VALUE;
for ( IntWritable message : messages)

minDist = Math.min(minDist, message.get());

// send messages to all edges if new minimum is found
if (minDist < getValue().get()) {
setValue (new IntWritable (minDist)) ;
for (Edge<?, 7> edge : getEdges()) {
int distance = minDist + edge.getValue () .get();
sendMessage(edge. getTargetVertexId () , new IntWritable ( distance ));

}

}
voteToHalt(); / halt

}

Listing 1: Single Source Shortest Path in Giraph.

Alekh Jindal, Praynaa Rawlani, Eugene Wu, Samuel Madden, Amol Deshpande, Mike Stonebraker: VERTEXICA: Your Relational Friend for Graph
Analytics! Proc. VLDB Endow. 7(13): 1669-1672 (2014)
Jindal, Alekh, et al. "Graph analytics using vertica relational database." 2015 IEEE International Conference on Big Data (Big Data). IEEE, 2015.



Giraph Physical Plan

Giraph: a popular, open-source graph analytics
system on Hadoop

The Giraph physical plan: hard coded physical
execution pipeline

Server Data

— Partition store: partition vertices and related
metadata

— Edge store: partition edges and related metadata
— Message store: incoming messages for this partition

In each superstep, the workers run the
vertexCompute UDF

Input Superstep

Superstep 1

Output Superstep

HDFS G=(VE)

W;  Sean W2 Wi W,
RecRead )
Shufﬂe
Eﬁﬁmgrtmo
Wi Server Data
partition store
edge store
message store
¥
Master synchmnlze
vertexCompute
Shufﬂe
W, Sewmt‘/
partition store
edge store
message store
v
Master synchronize
vertexCompute

Shiffle

W; ServerData W, W; W,

partition store
edge store
message store

¥
Master synchronize

cleanup

St re \ / /

HDFS G’ =(V',E’)



Giraph Physical Plan

* The Giraph physical plan: hard coded physical
execution pipeline

( \ Modified New
y “m Vertices Messages
] ]
?3\ V' U M.
O o
inf

o o

vy

inf

: Vid=M.to
| from | to [ N
0 1 y) V.id;rom M o
1 3 VRN Messages
Vo R
Vertices Edges
2 1
3 1

Input Superstep

Superstep 1

Output Superstep

HDFS G=(V.E)

W San W; W Wy
RecRead
Shilffle

| oS

W; ServerData W, W3 “f{

partition store
edge store
message store

¥
Master synchronize

vertexCompute

Shilfle

e

partition store
edge store
message store

v
Master synchronize

vertexCompute
shilffle

W; ServerData W, W; W,

partition store
edge store
message store

¥
Master synchronize

cleanup

e\~

HDFS G'=(V'E)



Graph Analytics using Vertica [VLDB 2014, BigData 2015]
- Rewriting Logical Giraph Plan

Eliminating the message table (by directly update V in RDBMS):

Giraph logical Pushing down the . \ Replacing M
query plan vertexCompute UDF Y/ byVME
) )
V'u M M’ V’
| D|4v.io|=E.from '
vertexCon'llpute v NN vertexCompute
1
’Y 1
Y W) vetecompue  WEEEE) Y.
V.id=M.to ' . |
/ \ YV

V.id=E.from M |

V.id=M.to
- D




Graph Analytics using Vertica [VLDB 2014, BigData 2015]
- Rewriting Logical Giraph Plan

Translating vertexCompute to relational algebra/SQL.:

vertexCompute — 0¢ <v;.d(Lazmin(vy.d+1)) Occ' < Vi .ce(Lec=min(Vs.id)) Tvl r= 018 40 85w sum (g2 )
: n : ‘a.out
) )

v v ’
2 ________________________________________________ 2 ..................................................... o
a Gd’<v1,d é- GCC’<V1.CC o r
g5 s ! 5  1vir=0.15/n+0.85*
S : : E
% : % o _ S 1sum(Va.r/Vo.outD):
£ l_(;l’zmin(Vg.d+1) ;% rcc =min(V2.id) o :
S I 5 2 2 y
__________________________________________________________________________________________________________ 5 v

L Vi g V1 | NV1.id=E.to
V1.id=E.to NV1-id=E-t0 V / \ Va.id=E.fror
M 1 X

/ \, V2.id=E.from / \ Va.id=E.from

V2/ \E V2/ \E

Single-Source Shortest Path Connected Components PageRank



Graph Analytics using Vertica [VLDB 2014, BigData 2015]
- SSSP as an example

Translating vertexCompute to relational algebra/SQL.:

vertexCompute —— 04 <V, .d(Fdemin(v}dﬁ-l])

V!
|
20 UPDATE vertex AS v SET v.d=v’.d
g d<Vud FROM (
S r | SELECT v1.id, MIN(v2.d+1) AS d
g d'=min(V2.d+1) : FROM vertex AS v1, edge AS e, vertex AS v2
e S : ‘ WHERE v2.1d = e.from_node AND v1.id = e.to_node
Y GROUP BY e.to_node, v1.d
Vi HAVING MIN(v2.d+1) < v1.d
NV1.id=E.to ) ASV’
v / \\ V2.id=E from WHERE v.id=v’.1d;
1
V.”  E

Single-Source Shortest Path



Graph Analytics using Vertica [VLDB 2014, BigData 2015]
- Query Optimization: Update vs. Replace

* For large number of updates:

— Create a new vertex relation (vertex_prime) by joining the updated vertices with the non-
updated vertices

— Replace vertex with vertex_prime

CREATE TABLE vertex_prime AS
SELECT v.id, ISNULL(v’.d, v.d) AS d
FROM vertex AS v LEFT JOIN ( Input Output New Input

SELECT vl.id AS 1d, MIN(v2.d+1) AS d
o v
1 0

FROM vertex AS v1, edge AS e, vertex AS v2 m m
1 0

WHERE v2.id=e.from_node AND v1.id=e.to_node SSSP -- Outer Join

inf

GROUP BY e.to_node, vl.d — —
HAVING MIN(v2.d+1) < v1.d 2 | inf --
) ASV’ 3 inf
ONviad =v’.Id; 4
5

inf 5 inf



Graph Analytics using Vertica [VLDB 2014, BigData 2015]
- Query Optimization: Incremental Evaluation

In single-source shortest path (SSSP)

— only need to explore the neighbors of vertices that found a smaller distance in the

previous iteration, i.e., the updated vertices table v_update

CREATE TABLE v_update_prime AS
SELECT vl.id, MIN(v2.d+1) AS d
FROM v_update AS v2, edge AS e, vertex AS vl
WHERE v2.id=e.from_node AND v1.id=e.to_node
GROUP BY e.to_node, vl.d
HAVING MIN(v2.d+1) < vl.d;

DROP TABLE v_update;
ALTER TABLE v_update_prime RENAME TO v_update ;

CREATE TABLE vertex_prime AS
SELECT v.id, ISNULL(v_update.d, v.d) AS value
FROM vertex AS v LEFT JOIN v_update
ON v.id = v_update . id ;

DROP TABLE vertex; ALTER TABLE vertex_prime RENAME TO vertex;

Inc. Input

o v
o <, e

1

Input

1

2
3
4
5

o e
0

inf
inf

inf

inf

SSSP

Output

Quter Join

New Inc. Input

o e

New Input

e

4 inf

5 inf




Graph Analytics using Vertica [VLDB 2014, BigData 2015]
- Comparison with Specialized Graph Systems

* Typical graph analytics
» Advanced graph analytics (e.g., multi-hop neighborhood queries)

Typical Graph Analytics

Twitter graph: 1.4 billion edges, 41.6 million nodes  »  Multi-hop neighborhood queries

Time (seconds)

1 200 Query Dataset Vertica | Giraph
, Youtube 259.56 230.01
1041 O G_raphLab Srrong Queriep LiveJournal-undir 381.05 | out of memory
960 W Giraph Weak Ties Youtube 746.14 | out of memory
Vertica ! LiveJournal-undir | 1,475.99 | out of memory
720 . . .
« Strong overlap: Find all pairs of nodes having a large
480 number of common neighbors (i.e., above the threshold)
 Weak ties: Find all nodes that act as a bridge between
240 two otherwise disconnected node-pairs, i.e., connect at
least a threshold number of node pairs
0

PR SSSP CC



All-in-One: Graph Processing in RDBMSs Revisited [SIGMOD 2017]

A large number of graph
algorithms
- Breadth-First Search (BFS)
- Connected Component
- Shortest Distance
- Topological Sorting
- PageRank
- Random Walk with Restart
- SimRank
- Label Propagation
- Maximum Independent Set

)

/4 new relational \

algebra operations
- MM-join
- MV-join
- Anti-join

K— Union-by-updatej

-

~

Recursive

SOL

- The with

o

clause

J

Zhao, Kangfei, and Jeffrey Xu Yu. "All-in-one: graph processing in RDBMSs revisited." Proceedings of the 2017 ACM International Conference on

Management of Data. 2017.



All-in-One: Graph Processing in RDBMSs Revisited [SIGMOD 2017]
- Four New Relational Algebra Operations

* Let V and M be the relation representation of vector V and matrix M
— Schema: V(ID, vw), M(F, T, ew)

* Matrix-matrix / matrix-vector multiplication

A air @12 . B= bi1 bio = c1
a1 a22 ba1 D22 C2
A.-B = a11 © b11 D a2 ©b21 a1 ©bi2 ® arz © bag
as1 ® b1 ®ago ©®bar a1 © bia @ ass @ bao

- a1 @ b1 aiz2 ® big

A+B = (a21®b21 a22®522)

A.C — ai1 ®c1 D aig ® e
a21 ® c1 D az2 © 2



All-in-One: Graph Processing in RDBMSs Revisited [SIGMOD 2017]
- Four New Relational Algebra Operations

 New relational algebra (RA) operations
group-by & aggregation operation

A, B: (F, T, ew), C: (ID, vw) 7
Operation Definition /I&pression
'4
oY D
MM:-join 4 % B larsr g@(@)(AA o FB)
A T=B.F T
VIViem A% © F9a@)(A X C)
T=1ID I'=ID
Anti-join -
J R x S R— (Rx5S)
Union-by-update Update the B attributes values of r by the B
RWa S'. attributes values of s if LA = s.A
(multiple s matching a single r is not allowed)

R, S: (A, B)



All-in-One: Graph Processing in RDBMSs Revisited [SIGMOD 2017]
- Graph Processing with New Relational Algebra Operations

* Let V and E be the relation representation of vector \V and matrix E
— Schema: V(ID, vw), E(F, T, ew)
* Breadth-First Search (BFS)

— Initially, only the source node has vw=1, E;=1 if there exists an edge from v; to v,
— The traversal operation of BFS (expressed in matrix formation): ET-V

Generalized addition \ / Generalized multiplication ©

mazx(vwkew)

V +— pv(FE X V)

I F=ID
Union-by-update



All-in-One: Graph Processing in RDBMSs Revisited [SIGMOD 2017]
- Graph Processing with New Relational Algebra Operations

* Let V and E be the relation representation of vector \V and matrix E
— Schema: V(ID, vw), E(F, T, ew)
* Breadth-First Search (BFS)

— Initially, only the source node has vw=1, E;=1 if there exists an edge from v; to v,
— The traversal operation of BFS (expressed in matrix formation): ET-V

/ Generalized multiplication ®

\ e

mazx(vwkew)

V +— pv(FE X V)
'

F=1ID

Generalized addition (5

Union-by-update |

— The control structure: Relational algebra plus while

initialize R |
while (R changes) { ---; R «|--- |}




All-in-One: Graph Processing in RDBMSs Revisited [SIGMOD 2017]
- Graph Processing with New Relational Algebra Operations

* Representative graph algorithms:

max(vwkxew)

Breadth-First Search (BFS) V « pv(E V)
F=ID

Connected Component V « pv(E min(yw*ew) V)
F=ID

Bellman-Ford for SSSP V « pv(E min(yw+ew) V)
F=ID

Floyd-Warshall for APSP

[P pE((E N El) m’in(El.eD%)—l—Ez.ew)(E _ Eg))

E{.T=E5.F

PageRank

V — pv(E B v

T=1ID fi(-)=cxsum(vwxew)+(1—c)/n.

Random Walk with Restart

fzb(q'))
V < pv(Ilv.ip, fo () + (1 —c)xPvw (E e V)

f2 () =Cx* sum(vw * ew) P(ID, vw) denotes the restart probability




All-in-One: Graph Processing in RDBMSs Revisited [SIGMOD 2017]
- Graph Processing with New Relational Algebra Operations

* Representative graph algorithms:

Topological | Let Topo(ID, L) be a relation that contains a set of nodes having no
Sorting incoming edges with initial L value 0 (I1p o(V X p—g.7 F) )
(L, <+ pr(Gmaxry+1Topo) CVi « V g IDiT . T'opo
CE « e rer(Vi X F)
ID=E.F
Ol s Ip..(Va X Fi1)x L, GTopo + TopoUT,
Vi.ID=F,.T
L=0 © L Topo @ V, contains {2 ,3, 4, 5}
Lvl ID L .
) (3 E, contains {(2, 4), (3, 4),

(3. 5), (4, 5);

©
e ’e 1 1
° ® T, contains {(2, 1), (3, 1)}




All-in-One: Graph Processing in RDBMSs Revisited [SIGMOD 2017]
- The With Clause

* Enhance the with clause in SQL'99
* Implemented by SQL/Persistent Stored Model (PSM) procedure
* The recursive queries defined by the 4 RA operators have fixpoint

1. with
with R as 2. Topo(ID, L) as (
select - - - from R, - - - computed by - - - (Q1) 3. (select 1D, O from V
union all 4, where /D not in select £.7" from F)
e 5: union all
union all 6. (select ID, L from T,
selfect -+ from R; j,--- computed by - - - (Q;) 7 computed by
tnion all 8. L, (L) asselect maz(L) + 1 from T opo;
union all 9. Vi as
select - - - from R, ;,--- computed by - - - (Q,) 10. select V.ID from V/
. . . 11. where /D not in select /D from T'opo;
Figure 4: The general form of the enhanced recursive with 12. E, as
13, select £.F, E.T from V1, E
14. where V;,.ID = E.F;
15. 15, as
16. select /D, L from V1, L,,
17. where /D not in select 7" from F':))
18. select from 7T opo;

Figure 5: The recursive with for TopoSort



IBM Db2 Graph: Graph Queries Inside IBM Db2 [VLDB 2019, SIGMOD 2020]

* Build graph query supportinside Db2 that is synergistic with other analytics and
retrofittable to existing data

* Db2 Graph is a layer inside Db2 specialized for graph queries
— With the property graph model

sQL Graph
I

Figure 1: Synergistic graph queries inside Db2

Tian, Yuanyuan, et al. "Synergistic graph and SQL analytics inside IBM Db2." Proceedings of the VLDB Endowment 12.12 (2019): 1782-1785.
Tian, Yuanyuan, et al. "IBM db2 graph: Supporting synergistic and retrofittable graph queries inside IBM db2." Proceedings of the 2020 ACM SIGMOD
International Conference on Management of Data. 2020.



IBM Db2 Graph: Graph Queries Inside IBM Db2 [VLDB 2019, SIGMOD 2020]
- Creating Graph View on Tables

e Use graphQuery (i.e., the polymorphic table function) based on Gremlin
— The returned result is a table

* However, the graph is not actually built

patientiD = 1 diseaselD = 64572326
name = “Alice” conceptCode = ...
address = ... conceptName = “Type
____________________________________________________________________________ subscriptionID = ... 2 diabetes”
' Patient Table HasDisease Table : _ disease , S
| | patientlD | name address | subscriptionID patientlD | diseaselD | description ! 9——nhasDisease 11— ; patient  patientlD = 2
AP Alice 115 1 64572326 ; : description = hasDisease name = “Charlie”
| : patient : description = ... address = ...
i : '5‘0 subscriptionID: ...
. Disease Table DiseaseOntology Table ! diseaselD = 64572345 12 ; :
' i i iotion =
! | diseaselD | conceptCode | conceptName sourcelD targetiD type : conceptCode = .. disease hasD 560\58 description = ...
I " i ” “isa” ! conceptName = 2 :
| 64572326 | 44054006 Type 2 diabetes 64572326 73211009 isa : conceptNa 10 isa  disegse 15
! i Diabetes
T e EEEEE PR e ! isa IS0—_14 W disease
DeviceData Table
atient | description = ...
subscriptionlD | date steps execiseMinutes activeEnergy p P diseaselD = 64582824
115 11/15/2018 | 9039 | 25 208 @10 —hasDisease disease conceptCode = ... diseaselD = 64562633
conceptName = conceptCode = ...
patientID = 2 diseaselD = 64572476 “Disorder of glucose conceptName =
name = “Bob” ConceptCOde = metabolism ” ”Hypoglycemic
address = ... conceptName = “Type Syndrome”

subscriptionlD: ... 1 diabetes”




IBM Db2 Graph: Graph Queries Inside IBM Db2 [VLDB 2019, SIGMOD 2020]
- Creating Graph View on Tables

e Use graphQuery (i.e., the polymorphic table function) based on Gremlin
— The returned result is a table

* However, the graph is not actually built

patientiD = 1 diseaselD = 64572326
SELECT patientID, AVG(steps), AVG(execiseMinutes) name = “Alice” conceptCode = .
. address = ... conceptName = “Type
FROM DeviceData AS D, subscriptioniD = ... 2 diabetes”
TABLE (graphQuery(‘gremlin’, ‘similar_diseases = g.V() —— disease . v
. : o T ‘ _ ) @—9 hasDisease [ § S — patient patnen:il‘? 2 )
JhasLabel(\'patient\’).has(\'patientID\’, \"1\").out(\'hasDisease\’) patient | description= .. T Charlie
. description = ... address = ...
repeat(out(\‘isa\’).dedup().store(\'x\’)).times(2) isa ST \@\ subscriptionID: ...
repeat(in(\'isa\").dedup() store(\'x\")).times(2).cap(\'x\) next(); Shosep "S172585 ) lsease hasDisease | gescrption = -
g.V(similar_diseases).in(\'hasDisease\’).dedup() conceptName = /Q}m o ‘15
“ryi » ~I1sa
values(\'patientIDV’, \'subscriptionID\’)’)) s e '
. .
AS P (patientID long, subscriptionID long) ot ’50 W . BlEsE
d = . _
WHERE D.subscriptionID = P.subscriptionID pe=(" Laescrption= diseaselD = 64582824
GROUP BY patientID @‘10 —hasDisease disease conceptCode = ... diseaselD = 64562633
patien conceptName = =
] _ o _ patientID = 2 diseaselD = 64572476 “Disorder of glucose Eg:g:g:ﬁz(:e -
Finds patients that have similar diseases as n:;ne=”Bob" gg:ggg:ﬁ‘;‘;f;_";wpe metabolism ” “Hypoglycemic
. . . . aaaress = ... - ”
those of a particular patient (with patientiD=1), subscriptioniD: .. 1 diabetes” Siiome

and compares their daily exercise patterns



IBM Db2 Graph: Graph Queries Inside IBM Db2 [VLDB 2019, SIGMOD 2020]
- Creating Graph View on Tables

» Specify the relation-graph mapping via the overlay configuration file

— What table(s) store the vertex information? What table column(s) are mapped to the
required id field? What is the label for each vertex? ...

. - 17 | "e_tables": [

1 v_tables": [ 18 | ¢

2 |1 { 19 "table_name": "DiseaseOntology",

< "table_name": "Patient", 20 "src_v_table": "Disease",

4 "prefixed_id": true, 21 "src_v": "sourcelD",

5 *4d%: "“'patient’'::patientiD", 22 "dst_v_table": "Disease",

6 "fix_label": true, 23 "dst_v": "targetID",

7 “LTabel™: "*patient ™, 24 "prefixed_edge_id": true,

8 "properties": ["patientID", "name", "address", " 25 "id": "'ontology '::sourcelD::targetID",
subscriptionID"] 26 "label®™: "type”

9 |3, 27 |3,

10 | { 200 e .

1 T P N Y 29 table_name": Halelsease ,
"aan A " ’ 30 "src_v_table": "Patient",

12 1(_’ y diseaselD", 31 "src_v": "'patient'::patientID",

13 "fix_label": true, 32 "dst_v_table": "Disease",

14 "label": "'disease'", 33 "dst_v": "diseaseID",

15 "properties": ["diseaseID", "conceptCode", " 34 "implicit_edge_id": true,
conceptName"] 35 "fix_label": true,

16 | }1, 36 "label": "'hasDisease'"

37 | }]




IBM Db2 Graph: Graph Queries Inside IBM Db2 [VLDB 2019, SIGMOD 2020]
- Creating Graph View on Tables

e Automatically generation of the overlay configuration file (AutoOverlay)

— Step 1. First queries Db2 catalog to get all the metadata information for each table such as
table schema, and primary key/foreign key constraints

— Step 2. If a table has primary key, map it to a vertex table; if it has foreign key(s), also map it
to an edge table

— Step 3. Maps the required fields in the property graph model to columns in the vertex/edge
tables

* Note that
— Heavily rely on the primary and foreign key constraints!
— One can manually specify the configuration
— Machine learning techniques to infer the constraints (as future work)



IBM Db2 Graph: Graph Queries Inside IBM Db2 [VLDB 2019, SIGMOD 2020]
- Architecture

g.V().has(‘name’, ‘Alice’).outE() Gremlin

é logical 1 apply

% Tinkerpop plan [GraphStepI HasStep][VertexStep] m Trave rsal
—- , > 4 Strategy

\ caIIAPIl
(1)Open the grap
and get overlay i& Topology /
¥sa

Q IDbzsraph. HasStep. Db2Vertex.
access Gra P h generate SQL
Db2 Query Engine

Db2Graph.open() vertices() filter() edges()
lvload overlay inf
oberlayinfo  Structure sQL Dialect
Figure 3: Db2 Graph architecture



IBM Db2 Graph: Graph Queries Inside IBM Db2 [VLDB 2019, SIGMOD 2020]

- Architecture

(2)Generate logical

query plan
g.V().has(‘name’, ‘Alice’).outE() Gremlin

apply

% n P ztrate ies 3 Traversal
" -
O

physical ppagraph.  Hasstep. Dbavertex. Strategy
o Db2Graph.open() plan vertices() filter() edges()

o) .
o) load overlay info \ call APIl

Open the gra enerate
@ P g p& Topology laccess Graph g t SQL

and get Overlay imfo overlayinfo  Structure sQL Dialect /
s
Db2 Query Engine

Figure 3: Db2 Graph architecture




IBM Db2 Graph: Graph Queries Inside IBM Db2 [VLDB 2019, SIGMOD 2020]

- Architecture
(2)Generate logical
query plan
g.V().has(‘name’, ‘Alice’).outE() Gremlin (3Query
é epization
. logical
% TlnkerPOp (:)gllac: [GraphStepIHasStep][VertexStep] Traversal
G physical pparaph. |zs'tep. Db2Vertex. Strategy
o Db2Graph.open() plan vertices() filter() edges()
'8 load overlay info \ call APIl

and get Overlay imfo overlayinfo  Structure sQL Dialect /
s
Db2 Query Engine

Figure 3: Db2 Graph architecture

Open the gra enerate
@ P g p& Topology laccess Graph g t SQL




IBM Db2 Graph: Graph Queries Inside IBM Db2 [VLDB 2019, SIGMOD 2020]

- Architecture
(2)Generate logical
. query plan (3)Data-independent
g.V().has(‘name’, ‘Alice’).outE() Gremlin Query optimization

é logical 1 apply

% Ti n kerpop plan [GraphStepI HasStep ][VertexStep] m Tra versa I
$ Strategy

L S
h i I ra asste ertex. :
) Rl iy (4)Generate physical
'8 load ovgrlay info \ caIIAPIl query plan, i.e., the
Graph-Structure-

@Open the grap access Graph nerat SQL A :

. — S ccessing (GSA) step
and get overlayl& Topology overlayinfo Structure ‘SQL ' Dialect / (5)Data dge[()en de)nt
1 sQL Query optimization

Db2 Query Engine

Figure 3: Db2 Graph architecture




IBM Db2 Graph: Graph Queries Inside IBM Db2 [VLDB 2019, SIGMOD 2020]

- Architecture
(2)Generate logical
. query plan (3)Data-independent
g.V().has(‘name’, ‘Alice’).outE() Gremlin Query optimization

é logical 1 apply

% Tinkerpop plan [GraphStepIHasStep][VertexStep] m Traversal
G i ¥ Strate :
ooy o e e Ot ¥ | @Generate physical
'8 load overlay info call API query plan, l.e., the
Graph-Structure-
@Open the grap access Graph generate SQL :
. Topol EESEEEN Accessing (GSA) step
and get overlay info R overlayinf§ Structure  saL Dialect
b / @Data-dgpgndgnt
1 saL Query optimization

Db2 Query Engine @Generate SQL

Figure 3: Db2 Graph architecture



IBM Db2 Graph: Graph Queries Inside IBM Db2 [VLDB 2019, SIGMOD 2020]
- Query Optimization

* Data-independent strategies
— Predicate Pushdown with Filter Steps
* E.g., for g.V().has(‘name’, ‘Alice’), fold the HasStep into the GraphStep

— Projection Pushdown with Properties Steps
* E.g., for g.V().values(‘name’, ‘address’), the GraphStep is “SELECT id, label, name, address FROM ...”

— Aggregate Pushdown with Aggregation Steps

e Data-dependent strategies

— Use src_v_table/dst_v_table to record from which relational table the nodes/edges are
mapped
— Using properties of the graph

e Using Property Names in Pushdown Information
* Using Label/Prefix ID Values/...



IBM Db2 Graph: Graph Queries Inside IBM Db2 [VLDB 2019, SIGMOD 2020]
- Experimental Study

* Graph loading time matters!

* IBM Db2 Graph achieves satisfactory query efficiency on LinkBench (simple queries)

Table 1: LinkBench Queries Table 3: Graph loading time for different graph databases

LinkBench Query | Gremlin Db2 Graph Export GDB-X JanusGraph
getNode(id, 1bl) g.V(id).hasLabel(Ibl) Linkbench | Disk Open From Disk Load Open | Disk Load  Open
countLinks(id1,Ibl) | gV(id1).outE(Ibl).count() Dataset Usage Graph DB Usage Data  Graph | Usage Data  Graph
getLink(id1,IbLid2) | g.V(id1).outE(Ibl).filter(outV().id() == id2) 10M 46GB 14sec || 5min || 28GB  42min 14sec | 29GB 65 min 15 sec
getLinkList(id1,Ibl) | g.V(id1).outE(Ibl) 100M | 45.8GB  2.1sec || 32min || 327GB 8hr  15sec | 326GB  13.5hr 17 sec
9000
25 7 2000 7000
, 6 7000 6000
5 § 6000 § 5000
% A 23 § 4o fg 3000
) ° 3000 2000
Al Al i oll - = Ml B M
0 . . - 0 ” I I 0 . . el
getNode countLink getlink getlLinkList getNode countLink getlink getLinkList 0 getNode countLink getLink getlinkList getNode countLink getLink getLinkList
=db2graph ®gdb-x = janusgraph ndb2graph mgdb-x = janusgraph wdb2graph =gdb-x =janusgraph =db2graph ®=gdb-x ®janusgraph
(a) Linkbench-10M (b) Linkbench-100M (a) Linkbench-10M (b) Linkbench-100M
Latency Throughputs



Overview of Graph Techniques for Relational Queries

* Think in terms of graph processing when dealing with joins

* Understanding the advantages and disadvantages of GDBMSs over RDBMSs

* Improving analytical queries (OLAP) such as TPC-H/DS using GDBMSs



Wander Join: Online Aggregation via Random Walks [SIGMOD 2016]

* Online aggregation

— Analytical queries do not always need 100% accuracy

— Return an approximate answer with improving ‘quality’ guarantee

 How do we estimate an aggregate query that involves multiple joins?

* Notion of quality: express in form of confidence intervals

SELECT SUM(1l_extendedprice * (1 - 1 _discount))

FROM customer, lineitem, orders, nation, region
WHERE c_custkey = o_custkey

AND 1 orderkey = o _orderkey

AND 1 returnflag = 'R’

AND c_nationkey = n_nationkey

AND n_regionkey = r_regionkey

AND r name = 'ASIA'

(This query finds the total revenue loss
due to returned orders in a given region)

®sum_hi sum @sum_lo

423T

4.20T\’\\

4.10T/f/-¥/“_/—/ — —

4.01T

1000 10000 20000 30000 40000 50000 60000
PrlY —e <Y <Y+ ¢] >095
} )
Confidence Interval Confidence Level

Li, Feifei, et al. "Wander join: Online aggregation via random walks." Proceedings of the 2016 International Conference on Management of Data. 2016.



Ripple Join

e Store tuplesin each tablein random order

* |n each step
— Reads the next tuple from a table in a round-robin fashion
— Join with sampled tuples from other tables

— Estimate the aggregation value from samples, calculate confidence interval from estimator
(using the central limit theorem)

* Works well for full Cartesian product
— But most joins are sparse

PLl Rl Rl Rl Rl Rl
Ry Ry Ry It It l Ry l
e

Peter J. Haas, Joseph M. Hellerstein: Ripple Joins for Online Aggregation. SIGMOD Conference 1999: 287-298



Ripple Join

What's the total revenue of all orders from customers in China?

Nation G0 Oerd am | prce
us 1

4 $2100 /N: size of each table, e.g., 10° \
us 2 3 2 2 304  $100
n: # tuples taken from each

China 3 1 3 3 201 $300

UK 4 5 4 4 306  $500 table

. : 3

ST R ; ; , TR S: # estimators, i.g., 10

us 6 5 6 1 101 $800 nd.—=s

: N 2

China 7 3 7 2 201 $300 = N2/351/3 _ 107

UK 8 5 8 5 101 $200
Japan 9 3 9 4 301 $100

UK 10 7 10 2 201  $600

Peter J. Haas, Joseph M. Hellerstein: Ripple Joins for Online Aggregation. SIGMOD Conference 1999: 287-298



Ripple Join

What's the total revenue of all orders from customers in China?

/N: size of each table, e.g., 10° \
n: # tuples taken from each

[ Nation | CID Wm table

us 1 $2100

s: # estimators, e.g., 103

uUsS 304  $100

2 3 2 2 h
China 3 1 3 3 201 $300 n3 — =5
N
UK 4 5 4 4 306  $500
China 5 5 5 3 401 $230 \ n=N?/3s1/3 =107 /
Estimator for sum:
. R| x |S] .
- SUM (expression(R, S)) = R % 1S, Z expression,(r, s)
mn mn

(r,s)ER, XS,

0, if fails WHERE

expression(r,s), otherwise

expression,(r, s)

Pete



Wander Join: Online Aggregation via Random Walks [SIGMOD 2016]
-Join as a Graph

e Take a randomly sampled tuple from ONLY one table
* Conduct a random walk from that tuple to the
neighbors (join tuples)

— For queries with many join relations, there may be different
walk paths P

— Can handle cyclical queries
— Assumes indexes on other tables

* Provide an unbiased estimator for each aggregator

* Does not provide consistent result: must run full join in
conjunction with wander join

Conceptual only
Never materialized



Wander Join: Online Aggregation via Random Walks [SIGMOD 2016]

//;ELECT SUM(Price)\\\

FROM Customers C,
Orders O,
Items I

WHERE

C.Nation = ‘China’
C.CID = O.BuyerlID

O0.0rderID =

\\\ I.OrderID ///

usS 1

us
China
UK
China
us
China
UK
Japan

UK

-Join as a Graph

BuyerID OrderID
4 1

10

|

10

4 301

2 304
3 201
4 306
3 401
1 101
2 201
5 101
4 301
2 201

Price

$2100
$100
$300
$500
$230
$800
$300
$200
$100

$600



Wander Join: Online Aggregation via Random Walks [SIGMOD 2016]
-Join as a Graph

GELECT SUM (Price) \

FROM Customers C,
Orders O,
Items I

WHERE

C.Nation = ‘China’
C.CID = O.BuyerlD
O0.0rderID =

\\¥ I.OrderID 4//

us 1

us 2
UK 4
us 6
UK 8
Japan 9
UK 10

BuyerID OrderID
4 1

3 2
1 3
5 4
5 5
5 6
3 7
5 8
3 9
7 10

4 301

2

304

201

306

401

101

201

101

301

201

Price

$2100
$100
$300
$500
$230
$800
$300
$200
$100

$600



Wander Join: Online Aggregation via Random Walks [SIGMOD 2016]
-Join as a Graph

@ELECT SUM (Price) \

FROM Customers C,
Orders O,
Items I

WHERE

C.Nation = ‘China’
C.CID = O.BuyerID
O.0OrderID =

\\\; I.OrderID 4///

usS 1

us

China

UK

us
China

UK
Japan

UK

2

3

4

6

7

9

10

BuyerID OrderID
4 1

3 2
1 3
5 4
5 5
5 6
3 7
5 8
3 9
7 10

4 301

2 304
3 201
4 306
3 401
1 101
2 201
5 101
4 301
2 201

Price

$2100
$100
$300
$500
$230
$800
$300
$200
$100

$600



Wander Join: Online Aggregation via Random Walks [SIGMOD 2016]
-Join as a Graph

us 1 4 1 4 301 $2100
//EELECT SUM(Price)‘\\ us 2 3 2

2 304 $100
FROM Customers C, China 3 1 3 3 201 $300
Orders O,

e [ ot [ 5 5 ; B
C.Nation = ‘China’

C.CID = O.BuyerID UuS 6 5 6 1 101 $800

O0.0rderID = China v 3 7 2 201 $300

\ I.0rderID /
UK 8 5 8 5 101 $200
Japan 9 3 9 4 301 $100

UK 10 7 10 2 201 $600



Wander Join: Online Aggregation via Random Walks [SIGMOD 2016]
-Join as a Graph

BuyerlD | OrderlD OrderlD | ItemID
USs 1 4 1 4 0

301 $2100
@ELECT SUM (Price) \ us 2 3 2 2 304 $100
FROM Customers C, China 3 1 3 3 201 $300
Orders O,
UK 4

Items I R
C.Nation = ‘China’

C.CID = O.BuyerID us 6 S 6 1 101 $800

O0.0rderID = China 7 3 7 2 201 $300
I.OrderID

UK 8 5 8 5 101 $200

Japan 9 3 9 4 301 $100

UK 10 7 10 2 201 $600



Wander Join: Online Aggregation via Random Walks [SIGMOD 2016]

@ELECT SUM (Price) \

FROM Customers C,
Orders O,
Items I

WHERE

C.Nation = ‘China’
C.CID = O.BuyerlD
O0.0OrderID

\\¥; I.OrderID 4//

-Join as a Graph

us 1 4 1 1 $2100

OrderlD | ItemID Iiiiﬂl
4 30

N: size of each table size, e.g., 10°
n: # tuples taken from each table = # random walks
s: # estimators, e.g., 103

n=s=103

$500 - $500
sampling prob. . 1/3-1/4-1/3

Japall Unbiased estimator:

UK



Wander Join: Online Aggregation via Random Walks [SIGMOD 2016]
- Sampling by Random Walks

e Estimator of aggregate might be biased

— Penalize paths that are sampled with higher
probability proportionally

 Unbiased estimator
— Walk plan optimization

v = path
v(7y) = aggregate on 7y
p() = probability of ~

Z v(y) = SUM ((expression) from ripple
Y

p(al,bl,cl) = 1/7 X 1/3 X 1/2

v
Thenpgi is unbiased estimator plag,bg,c7) =1/7x 1 x 1




Wander Join: Online Aggregation via Random Walks [SIGMOD 2016]

- Experimental Study
Convergence Comparison Wander Join in PostgreSQL
O 7T — RICI + T—e—a3 T
20 e i \ RJ estimate i i
I 1 5 —B—Q7
200 T - e o An
X 107 Rf__-_-__?"-‘f._“_:;wi- ;:3.5
E 0 E_:— H :-H — ‘ Y - |
— R ER AT YR — Qo
I:T} _1 {} | .:. 3 Voo -.-"_f“_"- - __l___—— _.+ -lﬂE—"J 2 5
20 | yﬁ( ) ="
2
-30 ¢ r,.f oA s | |
40 T - . S 5GB 10GB 15GB 20GB
0 0.5 1 1.5 2 (b) Wander join in PostgreSQL
time (s) Logarithmic growth due to B-tree

lookup to find random neighbours



Which Category Is Better: Benchmarking Relational and Graph
Database Management Systems [DSE 2019]

- A Unified Benchmark

 Evaluate RDBMSs and GDBMSs on the same datasets
— Extend TPC-H to evaluate GDBMSs
— Extend LDBC to evaluate RDBMSs

« partsupp2linei... | (=188 s part2partsupp e

PART PARTSUPP
PARTKEY [
PARTKEY LINEITEM ORDERS § 5
NAME SUPPKEY oroeRkey ] ORDERKEY i g
MFGR AVALQTY PARTKEY CUSTKEY % 8
BRAND SUPPLYCOST SUPPKEY orDERSTATUS | F@cords -> vertices B £
COMMENT LINENUMBER TOTALPRICE _ _ -
QUANTITY ORDERDATE PK'FK I‘elatlonShlp
SUPPLIER CUSTOMER S d
SUPPKEY CUSTKEY -> € g (SN)
NAVE - NA:I'S:I?(:IY RE(:E)GN"I:(); 2 :
ADDRESS g ;
ADDRESS g &
NATIONKEY NAME NAME 3 5
NATIONKEY REGIONKEY COMMENT e |
COMMENT
nation2custo... region2nation — reg'ion
Fig. 1 The database schema for TPC-H benchmark

Fig.2 The graph schema for TPC-H benchmark

Yijian Cheng, Pengjie Ding, Tongtong Wang, Wei Lu, Xiaoyong Du: Which Category Is Better: Benchmarking Relational and Graph Database
Management Systems. Data Sci. Eng. 4(4): 309-322 (2019)



Which Category Is Better: Benchmarking Relational and Graph

Database Management Systems [DSE 2019]

- A Unified Benchmark

* Evaluate RDBMSs and GDBMSs on the same datasets
— Extend TPC-H to evaluate GDBMSs
— Extend LDBC to evaluate RDBMSs
* Graph-to-relation mapping
— Simply store the directed edges as triples (fromVertex, edgelabel, toVertex)

* Datasets
Table 3 TPC-H datasets Table 4 The real graph datasets
ID Size Vertices Edges Graphs Vertices Edges Size  Domain
tpch-0.05 50 MB 432,844 2,261,723 Wiki-Vote 7115 103,689 S Social
tpch-0.1 100 MB 866,602 4,530,029 Cit-HepTh 27,770 352,807 M Citation
tpch-0.5 500 MB 4,330,622 22,634,256 Web-Stanford 281,903 2,312,497 L Web graphs
tpch-1 1 GB 8,661,245 45,268,530 Wiki-Talk 2,394,385 5,021,410 XL Communication




Which Category Is Better: Benchmarking Relational and Graph
Database Management Systems [DSE 2019]
- Query Workloads

* Atomic relational queries, including Projection, Aggregation, Join, and Order by

* TPC-H query workloads (22 queries)

e Graph query workloads, including BFS, Community Detection using Label
Propagation (CDLP), PageRank (PR), Local Clustering Coefficient (LCC), and

Weakly Connected Components (WCC)

Algorithm 2 Cypher for TPC-H Query 2

1:

&

10:
11:
12:
13:

MATCH(ps : Partsupp) — [|— > (s : Supplier) — []— > (n : Nation) — []— > (r :

Region)

WHERE
r.rName =" EUROPE'’

WITH min(ps.psSupplycost) as minvalue

MATCH (ps : Partsupp) — []— > (p : Part), (ps : Partsupp) — [|— > (s : Supplier) —

[][— > (n : Nation) — []— > (r : Region)

WHERE
p.pSize = 13 and p.pType = '.* SMALL.¥" and r.rName =" EUROPE’

and ps.psSupplycost = minvalue

: RETURN . .

s.sAcctbal, Transform TPC-H into equivalent
s.sName, SQL-like graph query statements
and other elements

ORDER BY

s.sAcctbal desc,n.nName, s.sName, p.pPartkey

Algorithm 3 Bread-First Search in SQL

with RECURSIVE BFS(tol D, level, fromid, paths)
as
select tolD,0, fromID, ARRAY [null, tol D] from R,.;
where tolD = m and fromID is NULL
union all
select R,¢;.tolD,level + 1, BFS.tol D, paths||Ryc;.tol D
from R,.;, BFS
where R,..;.fromID = BFS.tol D
and level < n

)

: select level, paths from BF'S

HOYXPIPT R WY

—

Implement the 5 graph algorithms in SQL
using the procedure with While loop



Which Category Is Better: Benchmarking Relational and Graph
Database Management Systems [DSE 2019]
- Experiments

* Tested databases
—RDBMSs: PostgreSQL (v9.5), Oracle (11g), MS SQL Server (2017)
—GDBMSs: Neo4j (v3.4.6), ArangoDB (v3.3.19)

* With varied back-end storage engines

* Metrics
— Query processing time
—Memory usage ratio
— CPU usage ratio



Which Category Is Better: Benchmarking Relational and Graph

Database Management Systems [DSE 2019]

1e+08

1e+07

The GDBMSs show e«
their inefficiency g
when dealing =
with TPC-H datasets ..

1e+01
1e+00

1e-01

Memory Usage (%)
o
(=}

- Experiments on TPC-H Workloads

PostgreSQL e Neo4j mmmmm  ArangoDB SWaw

CPU Usage (%)

N\ N\ N\ N\

P

PostgreSQL —§— |
Neodj —&o—
ArangoDB -

0
0.05GB

0.05G 0.1G 1G 5G

(a) Query Processing Time

70

0.05GB 5 5GB 0.05GB

0.1GB IGB 5GB

(b) CPU Usage

PostgreSQL —¥—
Neodj —&—
ArangoDB

601

30+

Performance Improvement (%)

20

10

PostgreSQL ——)4&'—

50;,’/@————'/‘6\%
a0} .

Neodj —&—
ArangoDB

N NI
/N Y

0.1GB 1GB 5GB

(¢) Memory Usage (d) Query optimization Results

But can be further
optimized for
complex operations
(Aggregation, Order
By) via creating
indices



Which Category Is Better: Benchmarking Relational and Graph
Database Management Systems [DSE 2019]
- Experiments on Relational Operations

Time(ms)
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.
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Which Category Is Better: Benchmarking Relational and Graph
Database Management Systems [DSE 2019]
- Experiments on Graph Algorithms
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Which Category Is Better: Benchmarking Relational and Graph

Database Management Systems [DSE 2019]
- Experiments on Graph Algorithms

Testing BFS by ..
varying the numbes
of traversal levels ™
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Vertex-centric Parallel Computation of SQL Queries [SIGMOD 2021]
- Tuple-Attribute Graph (TAG) Encoding

* Each vertex and edge has o
— A label, i.e., node/edge type l :sA cusm;;:f; c_custkey (1o
— A collection of attributes cusTomER B
(kEY'Value pairS) :‘_’cusmEY :_NAHONKEY :‘:ME |:> (1998-05-01)—0‘0RDERDATE ORDER_11
* Create exactly one vertex e R T
per value regardless of how :1 :o :2::3:2: o ORDERKEY @
- ORDER 2|

many times the value

O CUSTKEY

N_NATIONKEY

occurs in the database ——
.7@ = NATION_2 C_CUSTKEY
— Essentially an RDF graph [

e Attribute vertices acts as an

indexing scheme for joins Figure 1: Encoding relational data in a TAG representation.
Tuple verticesare depicted as rectangles, and attribute ver- >

tices as circles.

Ainur Smagulova, Alin Deutsch: Vertex-centric Parallel Computation of SQL Queries. SIGMOD Conference 2021: 1664-1677



Vertex-centric Parallel Computation of SQL Queries [SIGMOD 2021]
- Vertex-Centric Two-Way Join

* Vertex-centric computation based on Yannakakis” algorithm
— First compute two semi-joins: J; ;= R x S J» := 8§ x R

— Conduct join on the reduced relations: J; > Jo

<a1, b1, c1>
<a1, b1, c2>
<a1, b1, c3>

Computational cost:  IN=|R|+ [S] |IRXS|+|SXR] IRS[+|SXR|
Communication cost:  |RXS|+|SxR[=min(IN, OUT) |IRxS|+|SXR] |IRxS|+|SXR]

R(A, B) x S(B, C) (Centralized & Factorized)



Vertex-centric Parallel Computation of SQL Queries [SIGMOD 2021]
- Acyclic Multi-Way Joins & Cyclic Joins

* TAG traversal plan generation
— Generalized hypertree decomposition (GHD) of the query
— Connected bottom-up traversal

* Vertex-centric algorithm
— Reduction phase (O(IN) cost) and collection phase (O(OUT) cost)

Query: R(A,F) X S(A,B,C) X T(B,D) X V(B,E)

R(A, B) x S(B, C) x T(A, C)

. ‘;jg s Can be improved to
— —> T-T.B-B worst-case optimal
‘[ e e alla (by the strategy of the
A-R.A-R NPRR algorithm)

(Rheavy M S)xT))U ((Rlight < T) < S)
if |[cA=gR| > 0 then (a,b) € Rheavy=
otherwise (a,b) € Riight

(c) Connected bottom-up

HD TAG pl
(a) G (b) TAG plan traversal list



Vertex-centric Parallel Computation of SQL Queries [SIGMOD 2021]
- Experimental Study

* Compared with commercial RDBMSs on TPC-H/DS
Table 2: Number of TPC-DS queries where TAG-join ap- Table 3: Runtime (in seconds) of TPC-DS workload at SF-75

proach outperforms, shows competitive or worse perfor- broken down by aggregation type
mance against each of the relational systems at SF-75. Total
number of queries is 84. SE-75 Noagg LA GA Scalar GA
. - ; — psql 0.58 1913.7 7788.433 391.592
queries outperforms competitive worse vdb X 2 49 79 3 1375.739 438.137
84 - - rdbX _im 1.71 43.9 1279353 286.183
74 4 4 rdbY 0.52 42.8 1771.947 302.384
64 3 17 rdbY_non | 032 1383 2736.952  355.361
53 22 9 spark_sql | 13.6  160.4  1549.5 231.5
64 12 8 TAG_tg 0.16 837  231.044  117.734
_ 73 5 6
rdbX: leading commercial RDBMS/row store Table 4: Peak RAM usage percentage at SF-75.
rdbX_im: in-memory column store
rdbY: commercial RDBMS with row store support % | psql  rdbX rdbX_im rdbY spark_sql TAG_tg
rdbY_non: non-clustered primary key TPC-H | 659 57.1 51.2 55.1 57.4 53.8

TPC-DS | 61.7 498 43.5 54.3 68.1 52.9
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05 Open problems and challenges



Open Problems and Challenges

* For designing multi-model data query languages
— Design an algebra for a multi-model query language
— General approaches for cross-model query optimization

* For RDBMS techniques supporting graph query and analytics
— Leverage the vast amount of efficient graph algorithms
— Achieve a balance between generality and efficiency of graph analytics

* For graph techniques/GDBMSs supporting relational queries

— Improve GDBMSs in transactions, checkpointing and recovery, fault tolerance, durability,
integrity constraints, ...

— Hybrid OLTP and OLAP graph processing systems
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