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Mountains in Spain

A graph query example
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Graph processing scenarios
Online query processing + Offline analytics



A real-life relation search scenario

A NewsHeadline

TomCruise Admits Katie Holmes DivorcedHimToProtect SuriFrom Scientology 

1 TomCruise ςpeople.person.marriageς(marriage ) ςtime.event.person ςKatieHolmes

2 TomCruise ςpeople.person.childrenς(SuriCruise) ςpeople.person.parent ςKatieHolmes

3 TomCruise ςfilm.actor.filmς(BambiVerleihung2007) ςfilm.filmactor ςKatieHolmes

4 . . .



Relation search in knowledge graph

Multi -hop RelationSearch

Discoverthe hidden relations betweenentities

Enablemore than what entity indexescansupport

Entity A              Entity B 



Search results of Google



Search results of Bing



Relation search in knowledge graph



Relation search in knowledge graph



Academic graph



Offline analytics example: PageRank

https://en.wikipedia.org/wiki/PageRank

!ƴ ƛƳǇƻǊǘŀƴǘ ŀƭƎƻǊƛǘƘƳ ōŜƘƛƴŘ DƻƻƎƭŜΣ .ƛƴƎΣ Χ



Query processing + offline analytics



Architecture of distance oracle [Qi et al. vldb2014]

Graph

A pre-computed data structure that 
enables us to estimate the shortest 
distancebetween any pair of vertices 
in a fast manner



Architecture of distance oracle [Qi et al. vldb2014]

Graph
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Challenge I: diversity of graphs

Do we need to design algorithms for each type of graphs?Social Network

Web Graph

Protein Interaction Network

Schema Graph



Challenge II: diversity of computations

ÅOnline query processing 
ÅShortest path query
ÅSubgraph matching query
ÅSPARQL query
ÅΧ

ÅOffline graph analytics 
ÅPageRank
ÅCommunity detection
ÅΧ

ÅOther graph operations
ÅGraph generation, visualization, interactive exploration, etc.

Do we need to implement systems for each graph operation?



Challenge III: the scale of graphs
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Existing systems

ÅMature data processing systems
ÅRDBMS

ÅMap Reduce Systems

ÅSystems specialized for certain graph operations:
ÅPageRank, FlockDB

ÅGeneral-purpose graph processing systems
ÅNeo4j, Trinity, Horton, HyperGraphDB, TinkerGraph, InfiniteGraph, Cayley, 

Titan, PEGASUS, Pregel, Giraph, GraphLab, GraphChi, GraphXΧ



Representative graph processing systems

Property
graphs

Online
query

Data
sharding

In-memory
storage

Atomicity &
Transaction

Neo4j Yes Yes No No Yes

Trinity Yes Yes Yes Yes Atomicity

Horton Yes Yes Yes Yes No

HyperGraphDB No Yes No No Yes

FlockDB No Yes Yes No Yes

TinkerGraph Yes Yes No Yes No

InfiniteGraph Yes Yes Yes No Yes

Cayley Yes Yes SB SB Yes

Titan Yes Yes SB SB Yes

MapReduce No No Yes No No

PEGASUS No No Yes No No

Pregel No No Yes No No

Giraph No No Yes No No

GraphLab No No Yes No No

GraphChi No No No No No

GraphX No No Yes No No
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The needs ultimately determine the design

ÅThe first important rule: there is no one-size-fits-all system



First rule: no one-size-fits-all system
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Characteristics of parallel graph processing

ÅRandom access (Poor Locality)
ÅFor a node, its adjacent nodes cannot ōŜ ŀŎŎŜǎǎŜŘ ǿƛǘƘƻǳǘ άƧǳƳǇƛƴƎέ ƴƻ ƳŀǘǘŜǊ 

how you represent a graph
ÅNot cache-friendly, data reuse is hard

ÅData is hard to partition
ÅDifficult to extract parallelism by partitioning data
ÅIŀǊŘ ǘƻ ƎŜǘ ŀƴ ŜŦŦƛŎƛŜƴǘ ά5ƛǾƛŘŜ ŀƴŘ /ƻƴǉǳŜǊέ solution

ÅData driven
Åthe structure of computations is not known a priori

ÅHigh data access to computation ratio 

Reference: Challenges in parallel graph processing
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Design choices

ÅFirst important rule: there is no one-size-fits-all system

ÅDoes this system support online queries, offline analytics, or both?

ÅIs the system optimized for response time, throughput, or both?

Å5ƻŜǎ ǘƘŜ ǎȅǎǘŜƳ ǎŎŀƭŜΣ άƻǳǘέ ƻǊ άǳǇέΚ

ÅDoes the system need transaction support?



Online queries vs. offline analytics 

ÅOnline query processing is usually optimized for response time

ÅOffline analytics is usually optimized for throughput

ÅCompared with offline analytics, online queries are usually harder to 
optimize
ÅOnline queries are sensitive to latency

ÅThe data access patterns of a graph query are difficult to predict



Online queries vs. offline analytics 

Online Query Processing

ÅRandom access

ÅData is hard to partition

ÅData driven

ÅHigh data access to computation 
ratio

Offline Analytics

ÅData is hard to partition

ÅHigh data access to computation 
ratio



High data access to computation ratio



System design choice

ÅMain storage (storage backend)

ÅIndex

ÅCommunication paradigm: two-sided vs. one-sided

ÅScale out or scale up

ÅACID Transactions or not
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Graph may be in the jail of storage

Graph in the 
Jail of the storage

ÅWe can use may existing data management 
systems to process graph

ÅMany existing systems are mature, but not for 
graph

ÅRDBMS, MapReduce

ÅThe ŎƻƳƳƻƴŜǎǘ ƎǊŀǇƘ ƻǇŜǊŀǘƛƻƴ άǘǊŀǾŜǊǎŀƭέ 
incurs excessive amount of joins



Traverse graph using joins in RDBMS

ID name ΧΦ

1 N1 Χ

2 N2 Χ

3 N3 Χ

4 N4 Χ

5 N5 Χ

6 N6 Χ

Χ Χ Χ

src dst

1 3

2 4

2 1

4 3

1 5

1 6

Χ Χ

Node Table: N Edge Table: E

Get neighbors of N1

SELECT* 

FROM N

LEFT JOINEON N.ID = E.dst

WHERE E.src= 1;



Multi-way Join vs. graph traversal

Company Incident Problem

Χ ID

Company

ID1 ID2

ID Χ

Incident

ID3 ID4

ID Χ

Problem

RDBMS

Native Graph



Total cost of ownership

wŜǇǊƻŘǳŎŜŘ ŦǊƻƳ !ƴŘŜǊǎƻƴΩǎ {h{t нллф ǇŀǇŜǊ



Trend in cost of RAM

Today In 5-10 years

# servers 1000 1000

GB/server 64GB 1024GB

Total capacity 64TB 1PB

Total server cost $4M $4M

$/GB $60 $4

Adapted from: John Ousterhout,  RAMCloud, 2010
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Index

ÅIt is costly to index graph structures, use it wisely.

ÅWe will get back to this laterΧ
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Communication paradigm: two-sided vs. one-sided

MPI implementation

Memory Memory

MPI implementation

Send Recv

Memory
Segment

Processor Processor

Send Recv

Memory
Segment

Memory
Segment

Memory
Segment

Memory
Segment

Adapted from: Advanced parallel programming with MPI (Balajiet al)



Communication paradigm: two-sided vs. one-sided

MPI implementation

Memory Memory

MPI implementation

Send Recv

Memory
Segment

Processor Processor

Send Recv

Memory
Segment

Memory
Segment

Memory
Segment

50Advanced MPI, ISC (06/16/2013)

Adapted from: Advanced parallel programming with MPI (Balajiet al)



System design choice

ÅMain storage (storage backend)

ÅIndex

ÅCommunication paradigm: two-sided vs. one-sided

ÅScale out or scale up

ÅACID Transactions or not



Design choice: scale-up vs. scale-out

ÅSupercomputer model
ÅProgramming model simple and efficient 
Åshared memory address space

ÅExpensive and not common
ÅHardware is your ultimate limit

ÅDistributed cluster model
ÅProgramming model is complex
ÅMessage passing and synchronization is more complex

ÅRelatively cheaper and can make use of commodity pc
ÅMore flexible to meet various needs



{ŎŀƭŜ άh¦¢έΣ ƴƻǘ ά¦tέ



System design choice

ÅMain storage (storage backend)

ÅIndex

ÅCommunication paradigm: two-sided vs. one-sided

ÅScale out or scale up

ÅACID Transactions or not



Think twice before diving into transactions

ÅPros
ÅStrong data consistency guarantee  

ÅCons
ÅThe hell of referential integrity 

ÅThe disaster of cascading rollback

ÅMulti-round network communications per commit for distributed transactions



The hell of referential integrity 

Χ Χ Χ Χ

Primary Key ςForeign Key

Lady
Gaga

Lady Gaga in Freebase



The hell of referential integrity 

Χ Χ Χ Χ

Foreign Key ςPrimary Key

Lady
Gaga



The disaster of cascading rollback

Χ Χ

Locked by others

Χ Χ
Rollback

Anther transaction 
that requires any of 
these locks, abort.
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MapReduce



MapReduce

ÅHigh latency, yet high throughput general purpose data processing 
platform

ÅOptimized for offline analytics on large data partitioned on hundreds 
of machines



Processing graph using MapReduce

ÅNo online query support

ÅThe data model of map reduce cannot describe graph 
natively
ÅGraph algorithms cannot be expressed intuitively

ÅInefficiency for graph processing
ÅIntermediate results of each iteration need to be materialized 

ÅEntire graph structure need to be sent over network iteration 
after iteration, this incurs huge unnecessary data movement



MapReduce

ÅDe facto of distributed large data processing

ÅGreat scalability: supports extremely large data, but unfortunately not 
for graph



Vertex-centric graph computation



Basic idea: think like a vertex!



Computation model

ÅGraph computation is modeled as many supersteps

ÅEach vertex reads messages sent in previous superstep

ÅEach vertex performs computation in parallel

ÅEach vertex can send messages to other vertices in the end of an 
iteration



Example: SSSP in Pregel
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Example: SSSP in Pregel
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Pregel vs. MapReduce

ÅExploits fine-grained parallelism at node level

ÅtǊŜƎŜƭ ŘƻŜǎƴΩǘ ƳƻǾŜ ƎǊŀǇƘ ǇŀǊǘƛǘƛƻƴǎ ƻǾŜǊ ƴŜǘǿƻǊƪΣ ƻƴƭȅ ƳŜǎǎŀƎŜǎ 
among nodes are passed at the end of each iteration

ÅMany graph algorithms cannot be expressed using vertex-centric 
computation model intuitively and elegantly 



Communication optimization



Bipartite view of a graph on a local machine



aŜǎǎŀƎŜ ŎŀŎƘŜ όάулκнлέ ǊǳƭŜ ƛƴ ǊŜŀƭ graphs)

Scale-free graph
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Online query processing

ÅWhere latencies come from and asynchronous fan-out search 

ÅIndex-free query processing 
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People search challenge in Facebook graph

ÅAmong adult Facebook users, the average number of friends is 338.

=38,729,054 



Latency, Bandwidth, and Capacity

Source: The datacenter as a computer (book)

100 ὲί

10 άί



Disk-based approach

each disk seek + read: > 10 ms

=38,729,054 387,290,540 ms

= 4.5 days 



RAM-based approach

ÅDRAM latency: 100 ns

10 million reads/writes per second 

1 million node-level read/write per second

38,729,054 nodes to access, it takes at least 38 seconds. 



Hmm, no parallel data accesses yet!



Where do latencies come from?

Storage

Communications

Algorithms

DRAM, Flash, or Disk

Multi-cores, Multi-nodes

Single-threaded, multi-threaded, synchronous, asynchronous



Move computation, instead of data!

Source: The datacenter as a computer (book)



If you care about latency, do not use the shared-
memory model in a distributed setting.



Lessons learned so far (how to reduce latencies)

ÅRAM (Hardware sometimes does matter a lot)
ÅThe stupid buy faster computers, smart ones write better programs?

ÅAvoid moving data

ÅΧΧ



Lessons learned so far (how to reduce latencies)

ÅRAM (Hardware sometimes does matter a lot)
ÅThe stupid buy faster computers, smart ones write better programs?

ÅAvoid moving data

ÅAvoid unnecessary synchronizations 

Makes programming harder



Asynchronous fan-out search

Hop Msg# Node # per machine

1 ὲ
Ὠ

ὲ

2 ὲς
Ὠ

ὲ

3 ὲσ
Ὠ

ὲ

ὲis the server count
Ὠis the average degree





Online query processing

ÅWhere latencies come from and fan-out search 

ÅIndex-free query processing 



Online query example: subgraph matching

Procedure:

1. Break a graph into basic units (edges, paths, frequent subgraphsΣ Χύ

2. Build index for every possible basic unit

3. Decompose a query into multiple basic unit queries, and join the 
results.



Query Index Examples

Index-based subgraph matching [Sun VLDB 2012] 



Query Index Examples

Index-based subgraph matching [Sun VLDB 2012] 



Case study: distributed subgraph matching 

Procedure:

1. Break a query into basic units

2. Match the basic units in parallel on the fly

3. Join the results



Subgraph matching
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Basic unit for distributed subgraph matching
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a

b
c

d
e

f

Basic unit for distributed subgraph matching

a

b

d
e

f

As a basic unit, which one is the best?

ÅEasy to decompose

ÅHeight is always one
ÅIt at most needs to cross the 

network once
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Query optimization problems

ÅHow to choose a good query decomposition

ÅHow to choose a good execution order

ÅHow to choose a good join order
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How to Serve the Knowledge?

Table + column indexes

Free text search

Native graph exploration

Triplets/RDF

Column Index



Representative Knowledge Serving Systems

System Query Language Known Scalability Distributed

sw-Store SPARQL 55M V

RDFJoin SPARQL 44M

RDFKB - 44M

BitMat SPARQL-like 47M

RDF-3x SPARQL 51M V

Virtuoso SPARQL 1,068M V

Trinity LIKQ,TQL, SPARQL 24.6B V

Reference: A survey of RDF storage approaches (David C. FAYE, et al.)



Problem and Our Goal

Problem

KGisa massiveentity network

Themostvaluablepart is its rich relationships,but

Currentlymainlyusedviaentity indexes

Cannotanswerqueriesrequiringaccessesof 2+ hop relations

Goal

Thisproject is to provide advancedreal-time knowledge graphservingoperators

Servethe full-scaleKG

MakeKGaccessiblein real time

Provideadvancedgraphoperators



Challenges of Serving KG

ÅComplex data schema
ÅRich relations

Data size

RawRDF data 5T+

TripleFacts 25B+



Challenges of Serving KG

ÅComplex data schema
ÅRich relations

ÅMulti-typed entities

123ƳǎƻκǘȅǇŜΦƻōƧŜŎǘΦƴŀƳŜ άtŀƭέ

123 mso/type.object.type  
mso/organism.dog
123 mso/organism.dog.breedsά/ƻƭƭƛŜ wƻǳƎƘέ

123 mso/type.object.type mso/film.actor
123 mso/film.actor.film 789
789 mso/type.object.type mso/film.film
туф ƳǎƻκǘȅǇŜΦƻōƧŜŎǘΦƴŀƳŜ ά[ŀǎǎƛŜ /ƻƳŜ 
IƻƳŜέ

άtŀƭέ

Data size

RawRDF data 5T+

TripleFacts 25B+



A Strongly Typed System for RDF

Models Multi-Typed Entities in a Strongly Typed Manner

Root

DogActor

143422

άPalέ

ID

Name

Dog, ActorTypes

"Collie Rough"Breeds

Root

Film

436234

άLassie Come Homeέ

ID

Name

FilmTypes

436234Perform



Get the DOB of entity 12345

Strongly-typed data accesses



Get the films of actors co-starring with entity 12345

Strongly-typed data accesses



Storage Architecture

film

directoractor

name namename
Χ Χ

Entity
Relations

+
In-memory

Key Properties

On-disk
Entity

Properties



Query KG via Graph Exploration

Knowledge Serving Services/APIs

Distributed
In-memory Graph

film
director

actor

External Storage









Knowledge Serving for Text Processing

APIs for Knowledge Access

List<string[]> GetEntityIdByName(string entityName)

List<string> GetPredicatesByEntityId (string entityId)

List<string[]> GetValuesByEntityPredicate (string entityId, string predicate)

ΧΧ

Text 
Processing 

Tasks

Knowledge
Serving 

APIs

Semantic 
Parsing

Entity 
Linking

Predicate 
Linking

Structure 
Predication

Text 
Processing 

Tasks

Graph 
Query 

Language

Knowledge 
Graph



Entity Disambiguation/Type Resolving

Who are the advisees of Michael Jordan?
Michael Jordan (footballer)(born 1986)
Michael-Hakim Jordan(basketball player) (born 1977)
Michael Jordan (Irish politician)
Michael I. Jordan(Professor) (born 1957)
....

Which Michael?

mso/education.academic.advisees8234993200123 "Andrew Ng"

mso/type.object.name8234993200123 άaƛŎƘŀŜƭ WƻǊŘŀƴϦ

mso/people.person.profession8234993200123 άtǊƻŦŜǎǎƻǊϦ

http://en.wikipedia.org/wiki/Michael_Jordan_(footballer)
http://en.wikipedia.org/wiki/Michael-Hakim_Jordan
http://en.wikipedia.org/wiki/Michael_Jordan_(Irish_politician)
http://en.wikipedia.org/wiki/Michael_I._Jordan


Discover Linking Entities

Given three entities άKate WinsletέΣ άBilly ZaneέΣ ŀƴŘ άJames Cameronέ

Kate Winslet

James Cameron

Billy Zane

Titanic

mso/ film.film_director

Actor

Film

Director

Actor

Resolved Entity Types



Discover Linking Relations

Given two entities άVietnam Veterans Memorialέ and άThe Monument 
to the People's Heroesέ 

Vietnam Veterans Memorial

The Monument to the People's Heroes

architect_by
Maya Lin HuiyinLin

niece architect





Multi -hop Relation Search

Demo: http://graph007

http://graph007/


Keyword Search

Melinda Gates

Microsoft

Bill Gates

organization.organization.founderPeople.person.parent

Organization.founder

The road 
ahead

book.author

book.written_work. author

Rory John 
Gates

People.person.children

(Bill Gates, Melinda Gates, Microsoft, The road ahead)

Parent

Child



Relation Search Demo



Relation Search Demo



How can we make it fast enough

ÅBig data
Åemm, we have a large variety of tools available 

Å.ǳǘΣ Ƙƻǿ Řƻ ǿŜ ƘŀƴŘƭŜ άbig schemaέ Χ



Big Schema



How can we make it fast enough

ÅBig data
Åemm, we have a large variety of tools available 

Å.ǳǘΣ Ƙƻǿ Řƻ ǿŜ ƘŀƴŘƭŜ άbig schemaέ Χ
If we treat everything as texts and build indexes for these piles of words

Å Inefficient data processing (weakly-typed system)
Å Limited search functionality we can provide



.Ŝŀǘ .ƛƎ {ŎƘŜƳŀ ǿƛǘƘ Χ



.Ŝŀǘ .ƛƎ {ŎƘŜƳŀ ǿƛǘƘ Χ



.Ŝŀǘ .ƛƎ {ŎƘŜƳŀ ǿƛǘƘ Χ

Big Code!



ÅGenerated lines of code for Freebase: 
8,868,163
ÅBytes of code: 446,747,058

Freebase Graph:



What is the huge amount of code for?

ÅProvides extremely fine-grained data access methods best matching the data
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What is a graph generator & why do we need one

ÅA graph generator generates can graphs with user-specified size and 
properties

ÅWe need to generate large graphs for experiments

ÅLarge graph generation takes a long time



PGBL graph generator

http://www.boost.org/doc/libs/1_59_0/libs/graph_parallel/doc/html/rmat_generator.html

When the existing ones cannot meet our needs, we may want to write one.



What is a good graph generator

ÅIt can generate a graph with certain properties

ÅIt can generate a large graph fast

ÅIt is as resource economical as possible

ÅIt can generate graphs in native graph formats



Graph representation: adjacency list vs. matrix

ÅIn most cases, adjacency list is preferableto the matrix representation

ÅMatrix does not support dynamic node insertion and deletion

ÅThe space overhead is high when we are generating a sparse graph 



A common graph generation pipeline



Bottlenecks of the pipeline



Avoid sorting by using an in-memory hash storage


